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Abstract
Background: Some patients discharged automatically are classi�ed as terminal discharge, while their
clinical outcome is survival, disrupting the results of clinical research.

Methods: The data of this study were taken from inpatients who were admitted to the ICU of the First
Medical Center of the People's Liberation Army General Hospital. We collected the data regarding
medications used over the three days before discharge from the group of patients who survived and the
group of patients who died, and the outcomes of all patients were recalculated by three classi�cation
algorithms (AdaBoosting, Pearson correlation coe�cient, observed to expected ratio-weighted cosine
similarity). Our basic assumption is that if the classi�cation result is death but the actual in-hospital
outcome is survival, the associated patient was likely terminally discharged.

Results: The coincidence rate of the outcomes calculated by the AdaBoosting algorithm was 98.1%, the
coincidence rate calculated by the Pearson correlation coe�cient was 61.1%, and the coincidence rate
calculated by the observed to expected ratio-weighted cosine similarity was 93.4%. When the three
classi�cation methods were combined, the accuracy reached 98.56%.

Conclusion: The combination of clinical rules and classi�cation methods has a synergistic effect on
judgments of patients’ discharge outcomes, greatly saving time on manual retrieval and reducing the
negative in�uence of statistics or rules.

Background
Automatic discharge refers to a patient's ability to self-discharge from hospitalization, regardless of
whether the physician knows or agrees. This situation was de�ned in studies as a type of discharge
against medical advice (DAMA). Both automatic discharge and DAMA have been investigated by many
studies on the types, causes, and trends of discharge and their impacts on patient outcomes and hospital
strategies[1–4]. In China, many patients want to be home for their last moments of life. Therefore, some
patients who are automatically discharged are terminally discharged, which means that the patients are
in critical condition and were likely to pass away within a few hours or days before discharge. It has been
reported that the rate of terminal discharge in the ICU (intensive care unit) is approximately 2.87–8.9%[1,

2]. Data analysis from a retrospective study indicated that the clinical outcomes of patients’ terminal
discharges from the hospital were survival rather than death, despite their being in a state of critical
illness before discharge. If the patients’ diagnosis and treatment data were included in the survival group
for analysis, the results would be altered. In particular, most ICU patients are critically ill, and the
proportion of terminally discharged patients is higher in the ICU than in other general departments [1], this
results in a greater interference in the survival group data that could affect the results of the data
analysis. Therefore, such patients should be identi�ed in advance, and their medical data should be
treated accordingly.
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We encountered a problem during the implementation of pattern recognition for terminal discharge in a
10-year ICU data review study. It is not di�cult to identify patients who are discharged in critical condition
from the hospital because the patient’s condition is generally recorded in the informed consent section of
the discharge note. The di�culty in implementation arises from the storage of medical histories recorded
by the early hospital information management system (Hospital Information System, HIS) as pictures,
which cannot support text searching. It would take too much time to check the pictures of the informed
consent form and identify target patients.

To perform data analysis e�ciently, we considered combining machine learning and clinical rules to
identify patients who were discharged while critically ill. We collected and calculated the characteristics
of the data regarding medications used over the three days before discharge from the group of patients
who survived and the group of patients who died, and the outcomes of all patients were recalculated by
the classi�cation algorithm. Our basic assumption is that if the classi�cation result is death but the
actual in-hospital outcome is survival, the patient was likely terminally discharged from the hospital.
Inspecting the medical history data of this group of people can reduce the time needed for manual
veri�cation.

We attempted to combine a machine learning-based classi�cation algorithm and clinical rules to
e�ciently reclassify the clinical outcomes of patients in the historical medical records, which can
contribute to reducing physician workloads and bene�t retrospective research of clinical data.

Methods

1. Data resources
The data of this study were taken from a total of 8884 inpatients who were admitted to the ICU of the
First Medical Center of the People's Liberation Army General Hospital from January 2008 to June 2017.
Of these patients, 1,128 patients died in the hospital. A total of 23,902 pieces of hospitalization medical
information were collected from all hospitalization data. The drug codes were adapted to the hospital
codes for a total of 2,570 items. The protocol was approved by the Hospital Committee on Ethics of the
Chinese PLA hospital (S2020-141-01).

2. Data preprocessing
We found the patients who died in the hospital by screening patient outcome data, and the remaining
patients were determined to be survivors. Then, we sorted all patients’ discharge times and the start and
stop times of medical orders. We set the three days before the patients’ discharge time as the study time
interval, and all the doctors’ advice pertaining to the drugs administered during that time were obtained,
including the names, doses, dose units, and frequency of administration of the drugs. The total doses of
each drug used during the three days before the discharge for each patient were summed.
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3. Data analysis

1. Medication vectorization
The drugs administered to each patient are expressed in the following manner. We used the total doses of
the administered drugs, which can be expressed as continuous variables, as the attribute values.

Patient ID|Drug Name & Route of Administration & Dose Unit|Total Dose Administered

Some examples are listed in the Table 1 below:

 
Table 1

Expressions of drugs administered to each patient
Patient ID Drug Name & Route of Administration & Dose Unit Attribute values

10286215 Dopamine injection & intravenous infusion & mg 400

10286215 Epinephrine hydrochloride injection & intravenous infusion & mg 10

10286215 Metaraminol bitartrate injection & intravenous infusion & mg 10

2. Classi�cation and calculation
AdaBoosting

We used the Weka program for AdaBoosting calculations. The samples were used only for training, and
the parameters took the default values of the Weka program.

Pearson correlation coe�cient

The following formula was used to calculate the correlation coe�cient:

r =
∑ n

i=1 ( Xi−
−
X ) ( Yi−

−
Y )

∑ n
i=1 ( Xi−

−
X )

2
∑ n

i=1 ( Yi−
−
Y )

2

The drug attributes of each group were combined, and we summed the attribute values in the same group
to obtain the total vectors of the survival group and the death group. The Pearson correlation coe�cients
were calculated for each individual case vector and the survival group and death group vectors
separately. If the Pearson correlation coe�cient between the case vector and the survival group vector
was greater than that of the death group, we judged the patient as a survivor, and if not, the patient was
estimated to have died.

√ √
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Observed to expected ratio-weighted cosine similarity

The observed to expected ratio was calculated by a four-cell table[5] showed on supplementary �le.

Observedtoexpectedratio =
a × (a + b + c + d)
(a + b) × (a + c)

In the survival and death groups, the drug attributes were combined, and the attribute values were added.
The attribute values were multiplied by the observed to expected ratio as the vector value of two groups.
The cosine similarities were calculated for each individual case vector and the survival group and the
death group vectors separately. The formula is as follows:

cos =
∑ xnyn

∑ x2
n ∑ y2

n

Results
The outcomes calculated by three classi�cation algorithms are as follows.

Table 2
Confusion matrix of AdaBoosting classi�cation results

  Estimated survival Estimated death Total

Actual survival 22545 229 22774

Actual death 223 905 1128

Total 22768 1134 23902

Table 3
Confusion matrix of Pearson correlation coe�cient classi�cation

results

  Estimated survival Estimated death Total

Actual survival 13541 9233 22274

Actual death 53 1075 1128

Total 13594 10308 23902

Observed to expected ratio-weighted cosine similarity classi�cation results

√ ( )√ ( )
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Table 4
Confusion matrix of Observed to expected ratio-weighted cosine

similarity classi�cation results

  Estimated survival Estimated death Total

Actual survival 21571 1203 22774

Actual death 386 742 1128

Total 21957 1945 23902

Through analyzing the consistency of the estimated outcomes and the original data in the above
classi�cation results, the coincidence rate of the outcomes calculated by the AdaBoost algorithm was
98.1%, the coincidence rate calculated by the Pearson correlation coe�cient was 61.1%, and the
coincidence rate calculated by the observed to expected ratio-weighted cosine similarity was 93.4%.

To clarify the reasons for these inconsistencies, we performed a manual veri�cation of the inconsistent
results. We assumed that patients who were estimated to be dead but had an actual outcome of survival
were most likely to have been terminally discharged from the hospital. In general, patients who have died
in the hospital or have been discharged in critical condition will have used salvage medications (such as
noradrenaline, metaraminol, isoprenaline, epinephrine, dobutamine, dopamine, atropine), so patients who
have used salvage medications but were discharged with an outcome of survival may have actually been
discharged in critical condition. We categorized the patients into different groups with estimated results
and rescue medication use. The informed consent forms and discharged notes of the patients were
manually checked, and the statistical results are showed on Table 5.
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Table 5
Results of manually check on discharge condition

Salvage medications
|Ada|Correl|cos

Actual
death

Actual
survival

Actual death /
Actual survival

Terminal
Discharge

Terminal Discharge /
Actual survival

1|D|D|D 652 139 4.690647482 137 98.56%

1|D|L|L 27 8 3.375 7 87.50%

1|D|D|L 226 82 2.756097561 76 92.68%

1|L|L|L 24 41 0.585365854 14 34.15%

1|L|D|D 87 191 0.455497382 123 64.40%

1|L|D|L 103 235 0.438297872 107 45.53%

0|L|D|D 3 858 0.003496503 46 5.36%

0|L|D|L 4 7728 0.000517598 / /

0|L|L|L 2 13477 0.000148401 / /

0|L|L|D 0 15 0 / /

Notes:
“Salvage medications|Ada|Correl|cos” indicates a combination of the attributes.

“1” = used salvage medications, “0” = did not use salvage medications, “D” = estimated as death, “L” =
estimated as survival

“1|D|D|D” means that the patients had used salvage medications and were estimated to be dead by
the three classi�cation algorithms.

“0|L|L|L” means that the patients had not used salvage medications and were estimated to have
survived by the three classi�cation algorithms.

The actual death/actual survival ratios of the 0|L|D|L, 0|L|L|L, and 0|L|L|D groups were so low that they
were not checked. Our main purpose was to improve the e�ciency of the screening for patients
discharged in critical condition and reduce manual retrieval time. Not verifying the results for some
groups resulted in missing critically ill discharge cases, which will be studied later.

Discussion
In the past, we used the rule of having been administered salvage medications within three days before
discharge to classify patients with an outcome of survival as terminally discharged. The accuracy of this
simple rule was 66.67%. When the three classi�cation methods (Ada, Correl and cos) were combined, the
accuracy can reach 98.56%. Among the cases in which all three classi�cation methods classi�ed the
patient as having survived, the accuracy of the medication rule was only 34.15%. The combination of
clinical rules and classi�cation methods has a synergistic effect on judging the patients’ discharge
outcomes.Loading [MathJax]/jax/output/CommonHTML/fonts/TeX/fontdata.js



Page 8/10

Among the manually veri�ed data, the AdaBoosting classi�cation algorithm worked best, even better than
the rule of using salvage medications when only considering the accuracy rate. Most of the patients who
used rescue drugs but were classi�ed as survival were found to have undergone severe craniocerebral
trauma after manual veri�cation. The vital signs of these patients before discharge were stable, and the
medications administered were substantially different from those administered to the patients in the
death group, so the calculated results were incorrect. Furthermore, there were few terminally discharged
patients among those who did not use rescue drugs, who AdaBoosting classi�ed into the survival group,
and who were considered to have died according to both the Pearson correlation coe�cient and the
cosine similarity.

In this study, we focused on patients who were discharged from the hospital with outcomes of survival
but were classi�ed as having died and determined the probability of these cases being terminal
discharges. At the same time, we also conducted a preliminary analysis of cases that were actually
discharged as a death but were classi�ed as survivals. By reviewing the hospitalization information of
the cases, we found that the main causes of this misprediction were as follows: (1) the results from
patients who underwent sudden death were similar to the survival cases due to less medication use in the
3 days before discharge; (2) patients who gave up treatment before dying used only a small amount of
rescue and support drugs for safety; and (3) certain small amounts of special drugs or speci�c routes of
administration of certain drugs had effects.

Terminally ill and automatically discharged patients who have not died at the time of discharge are
already in the terminal stage of their diseases, and their survival time may be extremely short. It is not
appropriate for such patients to be classi�ed as survivors solely from their discharge status when
analyzing the data. Therefore, when performing the data analysis including clinical outcomes and patient
prognosis, if status of the patients who are discharged dying from the hospital is not indicated in
advance, relying only on the parameter adjustments of the algorithm to obtain a high agreement rate with
the survival and death results of the training samples will result in widely incorrect classi�cations.
Classi�cations of survival for patients who are discharged in critical condition from the hospital,
especially those in articulo mortis, are considered errors by the classi�cation algorithm; if, on the other
hand, the patients are classi�ed as having died, this classi�cation is calculated into the error when the
result is evaluated. Therefore, it is reasonable to set up a group of critically ill discharged patients.

Conclusion
This study used a machine learning-based classi�cation algorithm, combined with clinical rules, to obtain
more accurate clinical outcomes with a comprehensive analysis, which can be used to categorize the
clinical outcomes and reduce both the time taken to manually retrieve discharge records and the negative
in�uence of statistics or rules. In the next study, we will use medical advice data to further improve the
combination of rules and statistics to make the classi�cation and evaluation of clinical outcomes in the
hospital more simple and effective. In addition, we will also consider further running-in the classi�cation
algorithm and try to apply it to the prediction of clinical outcomes.Loading [MathJax]/jax/output/CommonHTML/fonts/TeX/fontdata.js
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Figures

Figure 1

The accuracy rate of the single-classi�cation algorithm
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