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Abstract

Background: Telemedicine created the opportunity—in pandemic conditions and otherwise—to spread healthcare to regions where intensivists and health services might not be available. In addition, it offers the opportunity to provide better patient care, decrease healthcare costs, and improve population health, overall.

Introduction: The deployment of critical care telemedicine has increased due to its impact on providing care at all times of the day, as well as reaching remote regions of the world. Tele-critical care (Tele-CC) systems can provide concurrent service to several hospitals and can manage available resources more efficiently than traditional intensive care units (ICUs).

Materials and Methods: This study utilizes the Philips eICU system and its collaborative research database (eICU-CRD) to evaluate intensive care operations in the electronic ICU setting, with the objective of analyzing where and how system engineering techniques can be potentially applied to enhance the effectiveness of such environments.

Results: Several metrics are evaluated, including patient outcomes, APACHE (Acute Physiology and Chronic Health Evaluation) score, length of stay (LOcS), and type of unit with regard to the age of the patient. Prediction models based on decision and regression trees are presented to estimate mortality and LOS.

Discussion: Prediction models offer the potential to optimize the Tele-CC environment by helping estimate the number of patients who will remain in the ICU during the following days.

Conclusion: Prediction models accurately estimate mortality and LOS in the ICU. The estimation of the future number of patients can be used to determine the resources needed at each hospital, as well as to provide insight into potential savings when Tele-CC centers provide concurrent services to multiple hospitals.
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Telemedicine includes the use of telecommunication and information technology to provide clinical healthcare services to patients from a distance away from the bedside.1 In particular, it can improve the quality of healthcare by providing comprehensive clinical support that overcomes geographic barriers at a significantly decreased cost.2 The importance of telemedicine is particularly salient during the coronavirus disease 2019 (COVID-19) pandemic, where social distancing measures have forced healthcare providers to reconsider how to treat patients, enhance follow-up care, and improve patient access to these services.3,4 Telemedicine has been very successful in pediatric consultation5 reducing wait times and increasing physician efficiency while retaining high satisfaction and quality of care. The advantages of telemedicine, already identified around 2018, were highlighted during the COVID-19 pandemic.6,7

The introduction of intensive care unit (ICU) remote monitoring programs has allowed for dynamic task relocation and leveraged a second layer of care—where medical professionals can perform further evaluations, and order and interpret tests, beyond just emergency cases.8,9 Tele-critical care (Tele-CC) is currently the most common name for systems that use cameras, video monitors, smart alarms, and other technology to connect clinical staff with patient data almost immediately and can be applied to critical care in ICU or nonICU units.10 This implementation of telemedicine in ICUs provides significant potential to improve patient outcomes.11,12 By providing care to patients at a distance from medical specialists, Tele-CCs are especially appropriate in situations where hospitals are understaffed or where medical experts may be at risk for contagious diseases such as COVID-19.13–15

However, to improve the performance of Tele-CC in situations where the Tele-CCs are required to assist a large number of patients concurrently, new performance evaluation models must be developed and analyzed.16 For evaluating Tele-CCs, one can potentially apply the performance evaluation metrics used for regular ICU, including patient outcomes, risk scores, readmission rates, time of admittance, and time spent with patients.17,18

The Philips eICU Collaborative Research Database (eICU-CRD) can be used to evaluate the performance of intensive care in the electronic ICU setting. The term eICU stands for Electronic Intensive Care Unit and mimics the notation of e-mail for electronic mail. Over time, the term eICU gradually faded and was replaced by Tele-CC, which today is the term used most commonly. eICU-CRD is the largest easily and freely accessible critical care database licensed by MIT (Massachusetts Institute of Technology) and supported by the NIH (National Institutes of Health) in the United States.19,20 The evaluation of the performance of eICUs helps determine the advantages and disadvantages of eICU care and can provide insights that can lead to better use of eICU technology and process in critical care. Furthermore, the analysis of these parameters facilitates the development of models to predict mortality and length of stay (LOS) of the patients that provide the key parameters for intelligent resource planning.

While analyzing the performance of medical centers and factors that determine their effectiveness in providing quality care, some studies have focused on specific procedures and tools, while ignoring factors related to the delivery of care and the work processes.21 The analysis and the interpretation of the latter category of factors can help provide better quality of care, reduce operation costs, and provide optimal resource allocation.22 By reducing costs and optimizing resources, more budget is available to upgrade medical equipment, renovate facilities, or even reallocate staff or hire additional staff to improve overwhelmed departments. According to the American Telemedicine Association,23 the benefits of cost efficiencies due to telehealth are especially remarkable for better management of chronic diseases, in addition to reducing travel times and minimizing hospital stays. Among the relatively few studies that have investigated the impact of Tele-CC on hospital outcomes, some have concluded that the addition of Tele-CC leads to a reduction in ICU mortality and ICU LOS.11,12 A positive effect was also found in overall hospital mortality and hospital LOS when the patient was treated in Tele-CC.24 Another study that compared the performance of an ICU with and without the addition of the eICU found that telemedicine adoption was associated with a small reduction in mortality.25 The effectiveness over multiple hospitals showed wide variations, but 16 case hospitals experienced a statistically significant reduction in mortality with the adoption of telemedicine.

More studies have assessed the effectiveness of traditional ICUs. Typically, the assessment of the performance of a particular ICU involves evaluating its performance against itself over time using various metrics quantified to measure performance.26 Traditional ICU performance metrics include patient outcomes, risk scores, readmission rates, time of admittance, and time spent with patients. The risk of mortality can be in the form of an Acute Physiologic Assessment and Chronic Health Evaluation (APACHE) score, which is a quantitative measure of the severity of the disease of critically ill patients.27 Such scoring systems help monitor the quality of care by standardizing along similar illness severity. Features such as APACHE score, readmission rate, LOS, and mortality rates are used to perform statistical and regressional analyses.17,18,24,28 The measurement of performance over separate ICU units and over time can lead to interesting results.29,30 In order to secure a more holistic view, some studies have analyzed one or more hospitals overall.17,18,25,28 Some studies use both ICU LOS and ICU mortality in addition to hospital LOS and hospital mortality to better understand the effect of the ICU stay.17,18 The mean LOS was usually found to be skewed toward the left, meaning that a higher proportion of patients were discharged from the ICU early. Furthermore, APACHE score and LOS are correlated with mortality, and a high occupancy rate in the ICU adversely affected the mortality rate. Overall, no consistent major changes were detected in the ICU performance and outcomes based on the standardized mortality ratio and LOS ratio.30 Another study investigated possible differences in clinical outcomes based on days of the week and times of admission since ICUs and Tele-CC are typically staffed differently at different times. Through analysis of variables such as mean LOS, bed turnover, occupancy rate, and turnover interval, it was found that although mortality rates are highest between 10 pm and 2 am, it does not vary significantly across different times of the day or across different days of the week. Admissions during the off hours (non-regular office hours) were also not related to worse clinical outcomes, including differences in mortality or LOS in the ICU.31 Yet, another study explored evaluating mortality-based critical care performance by categorizing patients based on their illness severity levels and then performing a logistic regression to predict risk-standardized mortality. Little correlation was found between the performances across risk categories of patients, meaning that hospitals that perform well with high-severity patients do not always perform well in caring for lower-severity patients.32 Other studies have used machine learning methods to predict the LOS and mortality of patients.33

While the above types of metrics relate heavily to patient outcomes, the impact on the families and friends of the critically ill patient and the hospital and its staff also need more analysis.34 The patient’s post-ICU and hospital discharge quality of health can be revealing to the effect of the stay as well.35 However, it is more difficult to quantify these parameters as the respective data would be required. Moreover, the evaluations conducted using the commonly used metrics should be interpreted in the context of longer-term outcomes.34 By utilizing parameters such as APACHE score, age, unit type of mortality, and LOS of patients, the analysis performed in this research can provide accurate estimates of Tele-CC mortality and Tele-CC LOS. Ultimately, the use of these measures in the evaluation of Tele-CC can determine the resources needed at specific hospitals, as well as optimize resource distributions in hospital networks.

Materials and Methods

The eICU-CRD20 was used to evaluate the performance of intensive care in the eICU and patient outcomes. Specifically, the “patient” and the “APACHE patient result” tables were selected for use in this study. The datasets provided by Philips involved 200,859 eICU unit stays (or events to analyze) in 208 different hospitals. The tables of patients and APACHE results were linked by means of the patient_unit_stay_ID in order to select events in which the APACHE score was registered. There are 166,355 unique hospital stays, in which a patient may have been transferred from one unit to another recording the APACHE score at the beginning of each unit stay. The ethnicity of the patients and the location of the hospitals that participated in the study were not provided in the dataset.

It is important to distinguish between unit stay and hospital stay for the analysis. A patient may be discharged alive from one unit and later expire during the same hospital stay. In addition, the LOS at a unit could be short, but the hospital LOS might be much longer. The main focus of this research was on the analysis of unit mortality and unit LOS rather than hospital mortality or hospital LOS because the prediction algorithms were developed with the purpose of helping to manage eICU resources and to enhance effectiveness.

In analyzing data, the value of the APACHE score is of major importance; it is recorded after admission at the eICU unit. In the database, there are cases in which the APACHE score was not recorded or contains an unknown value.1 Those unit stays without a valid APACHE score were filtered out for this study.

Results

In total, there were 146,696 unit stays with valid APACHE scores, comprising 139,377 unique hospital stays. Statistics relating to the APACHE score and the LOS derived from the cleansed dataset are summarized in Table 1.




Table 1.APACHE score and length of stay from APACHE-Patient-Result table linked to the patient table


	Metric
	Median
	Mean
	Minimum
	Maximum





	APACHE score
	51.0
	55.5
	0
	211



	Length of stay (days)
	1.8
	3.0
	0.2
	346





Table 2 and Table 3 show the final cohort used from the eICU CRD database, specified by the type of unit and ranges of age, respectively. The final cohort contains 146,687 patient stays and is divided into two tables depending on whether the patient was discharged alive from the unit or the patient expired. Table 2 shows the data corresponding to patients discharged alive, and Table 3 shows the same type of data for patients who expired. In both tables, the main information displayed is the number of patients, the mean APACHE score, and the mean LOS. The total and the details for type of unit are shown in different rows. The columns display different age ranges and also the total for all ages.




Table 2.Summary of features for living patients, sorted by type of unit and age (in years)


	ALIVE
	Ranges of Age



	[0,10]
	[10,20]
	[20,30]
	[30,40]
	[40,50]
	[50,60]
	[60,70]
	[70,80]
	[80,90]
	[90,100]
	Total/Average





	Number of Patients



	Cardiac ICU
	
	48
	317
	483
	921
	1819
	2093
	1872
	1332
	353
	9238



	CCU-CTICU
	
	46
	280
	456
	1039
	2253
	3021
	2859
	1707
	337
	11998



	CSICU
	
	7
	95
	131
	280
	676
	1095
	1227
	678
	109
	4298



	CTICU
	
	10
	116
	168
	384
	992
	1422
	1215
	727
	92
	5126



	Med-Surg lCU
	14
	742
	3729
	4671
	7233
	13584
	16281
	15481
	10989
	2736
	75460



	MICU
	1
	142
	525
	722
	1120
	2197
	2673
	2399
	1757
	428
	11964



	Neurc ICU
	
	105
	636
	826
	1174
	2100
	2319
	2046
	1418
	303
	10927



	SICU
	
	112
	433
	520
	845
	1783
	2076
	1933
	1184
	294
	9180



	Total
	15
	1212
	6131
	7977
	12996
	25404
	30980
	29032
	19792
	4652
	138191



	Mean APACHE score



	Cardiac ICU
	
	39.7
	41.1
	39.0
	41.8
	44.8
	53.1
	58.7
	64.4
	69.1
	52.5



	CCU-CTICU
	
	43.8
	42 3
	38.9
	40.6
	43.1
	51.7
	58.2
	61.8
	63.7
	51.7



	CSICU
	
	27.6
	36.9
	40.3
	44.4
	47.5
	57.5
	61.7
	62.7
	66.6
	56.3



	CTICU
	
	31.2
	43.8
	46.3
	43.5
	46.5
	54.6
	59.0
	61.9
	67.3
	54.0



	Med-Surg lCU
	38.3
	36.7
	39.7
	39.9
	43.9
	47.3
	55.1
	60.1
	64.1
	68.6
	53.6



	MICU
	49.0
	41.1
	42.2
	43.8
	48.5
	51.1
	60.0
	65.0
	67.5
	69.5
	57.7



	Neuro ICU
	
	36.1
	35.0
	32.5
	35.4
	40.0
	47.7
	53.8
	57.7
	60.0
	45.7



	SICU
	
	44.1
	41.6
	40.5
	43.8
	46.2
	53.0
	58.4
	63.3
	67.1
	52.4



	Average
	39.0
	38.1
	39.8
	39.6
	43.1
	46.4
	54.4
	59.7
	63.6
	67.7
	53.1



	Mean Length of Stay (days)



	Cardiac ICU
	
	4.4
	2.7
	3.1
	3.1
	3.2
	3.2
	3.1
	2.9
	2.5
	3.1



	CCU-CTICU
	
	2.1
	3.6
	2.7
	2.9
	2.8
	3.0
	3.1
	2.8
	2.6
	2.9



	CSICU
	
	0.8
	2.0
	1.8
	2.6
	2.5
	2.7
	2.6
	2.3
	2.0
	2.5



	CTICU
	
	6.4
	3.0
	3.5
	3.4
	3.0
	3.2
	3.3
	3.0
	2.3
	3.2



	Med-Surg lCU
	1.5
	2.2
	2.2
	2.4
	2.6
	2.9
	2.9
	2.9
	2.7
	2.4
	2.7



	MICU
	0.8
	2.9
	2.4
	3.1
	3.2
	3.3
	3.5
	3.3
	2.9
	2.2
	3.2



	Neuro ICU
	
	2.8
	3.4
	3.4
	3.5
	3.6
	3.4
	3.4
	2.9
	2.3
	3.3



	SICU
	
	3.1
	3.5
	3.4
	3.7
	3.4
	3.6
	3.5
	3.1
	2.6
	3.4



	Average
	1.5
	2.5
	2.5
	2.7
	2.9
	3 0
	3.1
	3.0
	2.8
	2.4
	2.9



	CCU-CTICU: Cardiovascular Intensive Care Unit-Cardiothoracic Intensive Care Unit; CSICU: Cardiac Surgery Intensive Care Unit; CTICU: Cardiothoracic Intensive Care Unit; ICU: Intensive Care Unit; SICU: Surgical Intensive Care Unit.








Table 3.Summary of features for expired patients, sorted by type of unit and age (in years)


	Expired
	Ranges of Age



	[0,10]
	[10,20]
	[20,30]
	[30,40]
	[40,50]
	[50,60]
	[60,70]
	[70,80]
	[80,90]
	[90,100]
	Total/Average





	Number of Patients



	Cardiac ICU
	
	1
	4
	15
	42
	118
	184
	195
	131
	30
	720



	CCU-CTI ICU
	
	1
	12
	13
	30
	67
	161
	173
	142
	24
	623



	CSICU
	
	
	2
	4
	8
	31
	66
	83
	56
	9
	259



	CTICU
	
	
	1
	9
	14
	24
	45
	37
	31
	8
	169



	Med-Surg lCU
	
	15
	87
	147
	264
	688
	1033
	1179
	983
	292
	4688



	MICU
	
	1
	15
	38
	52
	159
	243
	244
	217
	48
	1017



	Neurc ICU
	
	5
	19
	22
	44
	73
	106
	137
	75
	26
	507



	SICU
	
	5
	15
	16
	36
	79
	109
	109
	99
	45
	513



	Total
	
	28
	155
	264
	490
	1239
	1947
	2157
	1734
	482
	8496



	Mean APACHE score



	Cardiac ICU
	
	106
	96
	76
	95
	98
	95
	102
	100
	94
	98



	CCU-CTICU
	
	149
	95
	104
	87
	96
	90
	97
	89
	89
	93



	CSICU
	
	
	97
	111
	105
	102
	99
	102
	93
	113
	100



	CTICU
	
	
	138
	107
	77
	95
	95
	87
	98
	89
	93



	Med-Surg lCU
	
	99
	106
	96
	95
	93
	96
	96
	92
	94
	95



	MICU
	
	135
	90
	90
	101
	99
	95
	98
	98
	90
	97



	Neuro ICU
	
	108
	98
	95
	88
	77
	88
	87
	87
	86
	87



	SICU
	
	98
	105
	104
	90
	89
	89
	97
	92
	92
	93



	Average
	
	104
	102
	95
	94
	93
	94
	97
	93
	93
	95



	Mean Length of Stay (days)



	Cardiac ICU
	
	8.2
	4.8
	5.8
	6.0
	5.9
	5.2
	4.7
	3.5
	2.2
	4.8



	CCU-CTICU
	
	4.5
	4.2
	5.4
	6.6
	3.7
	5.0
	4.3
	3.3
	3.2
	4.3



	CSICU
	
	
	4.2
	1.2
	3.5
	4.8
	6.4
	3.9
	4.0
	3.1
	4.6



	CTICU
	
	
	0.9
	4.4
	10.9
	6.5
	5.8
	6.8
	4.4
	3.8
	6.1



	Med-Surg lCU
	
	6.6
	5.0
	3.9
	5.1
	4.8
	4.4
	4.0
	3.5
	2.4
	4.1



	MICU
	
	1.8
	6.7
	4.9
	4.3
	4.7
	4.9
	4.5
	3.6
	1.7
	4.3



	Neuro ICU
	
	1.0
	5.2
	2.7
	4.0
	4.7
	4.3
	3.8
	2.8
	2.7
	3.8



	SICU
	
	1.1
	4.2
	3.6
	6.3
	7.3
	4.8
	6.0
	4.3
	3.1
	5.2



	Average
	
	4.4
	5.0
	4.1
	5.3
	5.0
	4.7
	4.3
	3.5
	2.5
	4.3



	CCU-CTICU: Cardiovascular Intensive Care Unit-Cardiothoracic Intensive Care Unit; CSICU: Cardiac Surgery Intensive Care Unit; CTICU: Cardiothoracic Intensive Care Unit; ICU: Intensive Care Unit; SICU: Surgical Intensive Care Unit.





Most patients are between 50 and 85 years old, with almost no patients younger than 16 years of age. All patients older than 89 years were assigned the value 99 regardless of the actual age. This may create some strange effects in the tail of the age-related graphs, which will be shown later.

Based on the above information regarding the mortality of patients and the LOS in the ICU, statistical analysis was used as the first step for data visualization and understanding of data, as well as for identifying correlation and interaction of variables. Then, several supervised machine learning techniques were used to develop prediction models to estimate the likely outcome for the patients.

Mortality results

A total of 146,696 patient stays were evaluated in this study. From this set, 138,200 (94.2%) patients were alive at ICU discharge, and 8,496 (5.8%) patients had passed away. However, there were 5,065 patients who expired in the hospital after ICU discharge, thereby raising the total mortality rate for patients who were monitored by an eICU to 13,561 (9.2%) as shown in Figure 1.

Fig. 1 Mortality statistics: eICU (left) versus hospital (right). eICU: electronic Intensive Care Unit; ICU: Intensive Care Unit.

[image: THMT-8-408-F1.jpg]

In order to evaluate the causes of mortality in greater detail, the database was analyzed from a statistical perspective to identify which parameters are linked with mortality. Next, a prediction algorithm was created to help classify patients at admission time according to their risk condition, therefore providing valuable information for resource planning.

Mortality and APACHE scores

The risk of mortality can be in the form of an APACHE score, a quantitative measure of the severity of disease of critically ill patients standardized along similar illnesses calculated at the beginning of ICU admission. It has been popular in ICU since the introduction of APACHE II in 1985,36 which generates a score from 0 to 71 based on 12 physiologic variables: temperature, mean arterial pressure, heart rate, respiratory rate, oxygenation, arterial pH, serum Na+, serum K+, serum creatinine (SCr), hematocrit (Hct), white blood cell count (WBC), and Glasgow Coma Scale (GCS). Subsequently, extended and more complex versions were developed: APACHE III was introduced in 1991, and APACHE IV in 2006.27 In addition, other systems were developed to predict patients’ outcomes, such as the Simplified Acute Physiology Score (SAPS II)37 and Mortality Prediction Model (MPM).38 Intensive Care Network publishes a webpage to facilitate calculation of APACHE IV score: https://intensivecarenetwork.com/Calculators/Files/Apache4.html.

For Apache scores in the range of 0 and 150, a positive correlation is observed between APACHE score and mortality, as shown in Figure 2, Left. For most scores above 150, the average mortality rate is 100%.

Fig. 2 Average mortality for each APACHE Score (Left). Percentage change in mortality for each point increase in APACHE Score (Right).

[image: THMT-8-408-F2.jpg]

When examining the percentage change in mortality for each point increase in APACHE score (Figure 2, Right), the predictive power of APACHE score is most evident within 150 point score change, with every point increase in APACHE score corresponding to a respective 0.3% increase in mortality. Beyond a difference of 150, a sharp drop is observed, which can be attributed to the unpredictability of cases with large score differences.

Mortality and type of ICU unit

For patients who were discharged alive from ICU but later died in the hospital, the distribution by unit type shows in Figure 3.

Fig. 3 Distribution by unit type for patients who expired in the hospital after discharge from eICU. CCU-CTICU: Cardiovascular Intensive Care Unit-Cardiothoracic Intensive Care Unit; CSICU: Cardiac Surgery Intensive Care Unit; CTICU: Cardiothoracic Intensive Care Unit; ICU: Intensive Care Unit; SICU: Surgical Intensive Care Unit.

[image: THMT-8-408-F3.jpg]

It can be seen that Med-Surg ICU (Medical-Surgical ICU) accounts for the largest number of fatalities, while in the case of other types of ICU units, the patients recovered without much complications after being discharged from ICU.

Mortality and patient age

As expected, mortality shows correlation with the age of the patient. The median age of patients who survived is lower than that for patients who expired (Figure 4). Figure 4 also shows that mortality is rare for ages under 40 but reaches nearly 50% for patients who are 90 years of age. Patients older than 90 years old are represented in the database grouped together with the value 100, and surprisingly, the mortality rate for this group is lower than that for the group from 80 to 90 years of age.

Fig. 4 Hospital mortality distribution by age in years.

[image: THMT-8-408-F4.jpg]

Length of stay

The LOS in the ICU, stored in variable actual-eICU-LOS, shows a saw shape (see Figure 5) because the values tend to be rounded to complete days, which is consistent with the fact that hospitals decide to discharge or retain patients at fixed times of the day. The most typical value for Tele-CC LOS is 2 days since the area in Figure 5 from 1 to 2 days is larger than from 0 to 1 day.

Fig. 5 Distribution of length of stay at eICU (in days). eICU: electronic Intensive Care Unit.

[image: THMT-8-408-F5.jpg]

Length of stay and APACHE scores

When examining the LOS versus APACHE score, the relationship between these two variables for alive patients is strongly positive (Figure 6, Left), meaning that higher APACHE scores lead to longer lengths of stay. Patients with APACHE scores higher than 130 are more likely to expire, so those who survive and were released alive from Tele-CC (Left graph) show lengths of stay are scattered instead of showing a positive correlation.

Fig. 6 Correlation between length of stay and APACHE scores. eICU: electronic Intensive Care Unit.

[image: THMT-8-408-F6.jpg]

However, for patients who expired, a strong negative association exists between LOS and the APACHE score. As the APACHE score increases, the LOS may decrease as patients with more severe conditions may expire sooner (Figure 6, Right).

APACHE score represents the severity of the patient’s condition. The results on mortality and LOS are somehow expected. In the previous section, a strong correlation was found to predict mortality; however, the graphs in Figure 6 show that estimating LOS is challenging and cannot be done just using the APACHE score. More sophisticated techniques are needed for LOS prediction and will be presented later.

Length of stay and type of ICU unit

General statistics concerning LOS for each ICU units were evaluated to understand the correlation between outcome and type of ICU unit. As shown in Table 4, the total survival rate is 94.2%, with the lowest survival rates corresponding to MICU (Medical ICU) and Cardiac-ICU (Cardiovascular ICU) and highest corresponding to CTICU (Cardiothoracic ICU). CTICU deals with patients recovering from cardiac bypass surgery or other heart-related procedures.




Table 4.Mean length of stay (in days) of eICU patients compared across each type of unit


	Type or Unit
	Alive
	Expired
	Survived
	Mean LOS (alive)
	Mean LOS (expired)





	CCU-CTICU
	11,998
	623
	95.1%
	2.92
	4.27



	CSICU
	4,299
	259
	94.3%
	2.50
	5.58



	CTICU
	5,127
	169
	96.8%
	3.16
	6.06



	Cardiac-ICU
	9,238
	720
	92.8%
	3.07
	4.82



	MICU
	11,967
	1,017
	92.2%
	3.19
	4.33



	Med-Surg-ICU
	75,464
	4,688
	94.2%
	2.75
	4.07



	Neuro-ICU
	10,927
	507
	95.6%
	3.34
	3.83



	SICU
	9,180
	513
	94.7%
	3.43
	5.21



	TOTAL
	138,200
	8496
	94.2%
	2.92
	4.29



	CCU-CTICU: Cardiovascular Intensive Care Unit-Cardiothoracic Intensive Care Unit; CSICU: Cardiac Surgery Intensive Care Unit; CTICU: Cardiothoracic Intensive Care Unit; ICU: Intensive Care Unit.





The overall LOS is longer for those patients who expired in the ICU than for those who recovered and were discharged alive. This is true for all types of units although for Neuro-ICU (Neurology ICU), the LOS does not change significantly with the outcome of the patient. Neuro-ICU shows one of largest mean LOS for patients discharged alive, while the smallest mean LOS (less that 4 days) for patients who expired.

The unit with the largest mean LOS is CTICU, which is also the unit with the highest survival rate. The second largest mean LOS is SICU (Surgical ICU), which deals with surgical operations related to trauma, gastrointestinal, renal, and some cardiac surgeries. The unit with the shortest stay is CSICU (Cardiac Surgery ICU), where patients discharged alive had a mean LOS of 2.5 days.

In the analysis by unit type, CSICU shows a lower median LOS compared with the other units (Figure 7). This is consistent with the lower mortality shown earlier in Figure 3.

Fig. 7 Distribution of length of stay grouped by unit type. CCU-CTICU: Cardiovascular Intensive Care Unit-Cardiothoracic Intensive Care Unit; CSICU: Cardiac Surgery Intensive Care Unit; CTICU: Cardiothoracic Intensive Care Unit; ICU: Intensive Care Unit; SICU: Surgical Intensive Care Unit.
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Length of stay and patient age

The LOS in Tele-CC also correlates positively with the age of the patient (Figure 8). For patients older than 80 years, the median LOS decreases, but this is a consequence of higher mortality at an older age that limits the LOS. Additionally, the range of days increases with the age up to 80 years, where LOS ranges from 0 to 7.5 days (after removing outliers).

Fig. 8 Statistical representation of length of stay as distributed by age (in years). EICU: Electronic Intensive Care Unit.
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Predictive models

The most important parameter in managing Tele-CC is the rate of mortality. Although APACHE IV27 is better than previous versions, APACHE II36 is still popular because of its simplicity in terms of the number of variables needed. All these methods use ICU Day 1 information to predict the probability of hospital death, and this value is not recalculated during the stay of the patient. APACHE IV uses a multivariate logistic regression procedure based on about 20 variables (some optional) plus information related with the chronic health condition.

While the APACHE score was designed to estimate hospital mortality, it can also be used to estimate Tele-CC mortality. In this paper, decision trees, a well-known supervised machine learning technique,39–41 were used to analyze the effectiveness of the APACHE score to predict Tele-CC mortality. Researchers have used Gradient Boosting Decision Trees with the MIMIC database to predict mortality, although in a much shorter prediction window (real-time to 24 h).42

A decision tree was developed using the APACHE score and patient age as inputs. After performing the pruning process in the tree, in order to avoid overtraining, it was found that age was not a relevant input for improving predictions. This is reasonable since age is already one of the inputs used to compute the APACHE IV score, so the effect of age in the likelihood of recovery is already considered. As a consequence, the decision tree analysis involving 146,696 patients revealed that a threshold value of 134.5 is the optimal way to estimate Tele-CC mortality, meaning that if the APACHE score is less than 134.5, the patient is likely to survive within the Tele-CC unit in which the patient was admitted. The overall accuracy of this mortality prediction method is 94.4%, and the majority of the errors (5.2%) correspond to patients with APACHE scores less than 134.5 who were expected to survive, but finally expired. Figure 9 shows the test set accuracy results in terms of the confusion matrix.

Fig. 9 Evaluation of the model to predict Tele-CC mortality. Tele-CC: tele-critical care.
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The second most important parameter for resource planning in Tele-CC services is the LOS of the patients. Although the LOS is represented as a real number in the database, usually in days and hours, the pre-analysis exercise revealed that most Tele-CC discharges occur around the same time every day (Figure 5). Therefore, it was decided to discretize LOS into an integer number of days, and to group values of 7 days or more into one single category since a prediction window of 1 week would be sufficiently adequate for planning resources. The distribution of LOS in days is shown in Figure 10, with the graph showing that the most common duration of a stay is 2 days.

Fig. 10 Distribution of length of stay in the number of days after discretized. eICU: electronic Intensive Care Unit.
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The time evolution of patients accepted to the eICU is shown in Figure 11, which was generated by analyzing the outcome of more than 200,000 patients. After Day 1, most patients stayed at the ICU, some patients were released (home or hospital), and a few expired. The majority of patients (71.8%) leave the ICU within the first 3 days, and the number of patients who need to stay further than day 5 is relatively small (14.3%). The number of new admissions is fairly constant and not difficult to estimate, and it only depends on factors external to the hospital such as weather, disease outbreaks, etc. Therefore, the most important knowledge for an accurate estimation of the size of the service comes from the estimation of evolution of patients as shown in Figure 11, which mostly depends on several factors directly related with the patient condition (age, unit type, and the APACHE score).

Fig. 11 Evolution of patients accepted to eICU (electronic Intensive Care Unit).
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In general, the levels of APACHE score are higher on average for patients who experienced longer stays (Figure 12). While APACHE is a good estimator for LOS, there are many outliers that highlight that additional parameters should be used in the analysis.

Fig. 12 Distribution of APACHE scores for patients with different discretized LOS. eICU LOS: electronic Intensive Care Unit-length of stay.
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The prediction model developed to estimate LOS uses APACHE, type of unit, and age as inputs. The regression tree, shown in Figure 13, is able to predict the real value of LOS with good accuracy (as explained in the next paragraph). The tree starts by looking at the APACHE score, and then it focuses on patient age and unit type to narrow the results into the predicted LOS.

Fig. 13 Regression tree for a length of stay estimation in eICU. CSICU: Cardiac Surgery Intensive Care Unit; CTICU: Cardiothoracic Intensive Care Unit; eICU: electronic Intensive Care Unit.
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The accuracy of this prediction model can be analyzed by computing the residuals, that is, the difference between the actual LOS and the estimated LOS. This difference is negative if the model predicted an LOS longer that the actual one, and the error is positive if the model predicted a shorter stay. The root mean squared error of the model (RMSE) is just 1.8 days for a range of 6 days look forward. This is fairly accurate, and the results can be improved further if a shorter prediction window is used. A histogram of the residuals is shown in Figure 14.

Fig. 14 Regression tree error for prediction windows of 6 days into the future. LOS: length of stay; RMSE: root mean square error. TS: test set.
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Discussion

By providing care to patients at a distance from the medical specialists, Tele-CC is especially appropriate in situations where the bedside is understaffed or lacks experience with specific medical interventions and procedures. To ameliorate the performance of the Tele-CC in situations involving a large number of patients on a concurrent basis, new performance and prediction models must be developed and analyzed, instead of relying on the conventional paradigm that considers the level of resources to be linearly dependent on the number of patients.

This study included the creation of prediction models to better estimate Tele-CC mortality and ICU LOS using parameters such as the APACHE score, age, and unit type. The current gold standard parameter to assess the severity of patient conditions (APACHE score) cannot be used to accurately estimate the LOS, while machine learning techniques have the ability to optimally combine different parameters. The prediction models presented in this paper can estimate mortality with 94% accuracy, and LOS with a mean error of 1.8 days for a range of 6 days looking ahead.

By knowing the current number of patients along with a prediction of their respective lengths of stay, it becomes easier to optimize resources for the short-term and medium-term and to explore the option of sharing resources across hospitals and Tele-CC networks. Future work could include evaluating additional parameters such as readmission rates and length of Tele-CC sessions with the patient, depending on the severity of the illnesses, as well as improving the model’s accuracy for different prediction windows. Furthermore, one could consider broadening the prediction models and analysis to include multiple ICUs within the hospital.

The COVID-19 pandemic has resulted in an unprecedented strain on hospital care systems and exponentially increased the demand for ICUs worldwide. As the pandemic continues to escalate, the task of allocating limited healthcare resources such as beds, staff, equipment, etc. has been a major focus for countries around the world. The importance of Tele-CC program improvements in collaboration with improvements in LOS/mortality prediction can better equip hospitals with the necessary tools for resource sharing and demand issues.43 Importantly, the model developed in this study can be applied to future datasets, particularly COVID-19 specific, to create applicable predictions for the LOS and mortality. Research underway has highlighted the importance of predictive models for symptomatic COVID-19 patients.44
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