
https://doi.org/10.1177/15563316221120582

HSS Journal®: The Musculoskeletal 
Journal of Hospital for Special Surgery
 1 –5
© The Author(s) 2022 
Article reuse guidelines: 
sagepub.com/journals-permissions
DOI: 10.1177/15563316221120582
journals.sagepub.com/home/hss

Original Article

Introduction

Hip fractures in the elderly can have an enormous social 
impact and represent a rising concern for health systems 
worldwide [6]. In Chile, 2 relevant phenomena are observed: 
first is that hip fracture frequency will increase during the 
present decade by 27.5% [7] and second is that there is a 
disparity in patient access to timely treatment between pub-
lic and private hospitals, which has repercussions on several 
postoperative results, including hospital length of stay 
(LOS) [1]. The latter is of great relevance, since LOS 
beyond 14 days is associated with increased mortality rates, 
even when patients are satisfactorily discharged [18].

The COVID-19 pandemic and its consequences have 
negatively influenced the management of older adults with 
hip fractures [16]. On both international [21] and national 

levels [22], a concurrent COVID-19 infection related to an 
episode of hip fracture may lead to increased morbidity, 
prolonged LOS, and increased risk of death. Considering 
that the pandemic has affected all national health care sys-
tems [2], it is plausible to suggest that the LOS of patients 
admitted in public hospitals could have been more extended 
than reported [1].

Since the COVID-19 health crisis will affect our health 
care systems for an undetermined time, identifying the 
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Abstract
Background: Prolonged length of stay (LOS) after a hip fracture is associated with increased mortality. Purpose: We sought 
to create a model to predict prolonged LOS in elderly Chilean patients with hip fractures managed during the COVID-19 
pandemic. Methods: Employing an official database, we created an artificial neural network (ANN), a computational model 
corresponding to a subset of machine learning, to predict prolonged LOS (≥14 days) among 2686 hip fracture patients 
managed in 43 Chilean public hospitals during 2020. We identified 18 clinically relevant variables as potential predictors; 
80% of the sample was used to train the ANN and 20% was used to test it. The performance of the ANN was evaluated 
via measuring its discrimination power through the area under the curve of the receiver operating characteristic curve 
(AUC-ROC). Results: Of the 2686 patients, 820 (30.2%) had prolonged LOS. In the training sample (2,125 cases), the ANN 
correctly classified 1,532 cases (72.09%; AUC-ROC: 0.745). In the test sample (561 cases), the ANN correctly classified 
401 cases (71.48%; AUC-ROC: 0.742). The most relevant variables to predict prolonged LOS were the patient’s admitting 
hospital (relative importance [RI]: 0.11), the patient’s geographical health service providing health care (RI: 0.11), and 
the patient’s surgery being conducted within 2 days of admission (RI: 0.10). Conclusions: Using national-level big data, we 
developed an ANN that predicted with fair accuracy prolonged LOS in elderly Chilean patients with hip fractures during 
the COVID-19 pandemic. The main predictors of a prolonged LOS were unrelated to the patient’s individual health and 
concerned administrative and organizational factors.
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variables associated with prolonged stays during the pan-
demic is paramount. Predicting episodes of prolonged LOS 
should help clinicians, administrators, and other health 
care authorities identify the factors that can be modified at 
the local and national levels to improve treatment out-
comes of patients in Chile. Therefore, we aimed to create a 
prediction model of prolonged hospital stays for hip frac-
ture episodes in the elderly Chilean population treated in 
public hospitals during the COVID-19 pandemic with the 
use of artificial neural networks (ANN).

Methods

We conducted a registry study that employed the official 
database of the Chilean Ministry of Health, corresponding to 
hospital discharges, nationally, in the year 2020. This free-
access database at Fondo Nacional de Salud (https://www.
fonasa.cl/sites/fonasa/datos-abiertos/bases-grd) contains de-
identified records of hospital discharges from public hospi-
tals using the international refined diagnostic related groups 
(IR-DRG) system. The database contains 129 columns with 
data pertaining to all hospital discharges (indicating demo-
graphic characteristics, procedures, comorbidities, dis-
charge conditions, etc), including International Statistical 
Classification of Diseases, 10th edition (ICD-10) coding to 
describe diagnoses and comorbidities. The study did not 
require Institutional Review Board approval since the data 
was de-identified from a public database source.

We analyzed 80,030,631 hospital discharges from 65 
Chilean hospitals for the study. Considering the 129 col-
umns mentioned above, the total volume of potential data to 
be evaluated was 107,151,399 specific entries. A derived 
database was created, which included patients 65 years of 
age or older, who had as the primary diagnosis one of the 
following: femoral neck fracture (ICD-10 code: S72.0); 
pertrochanteric fracture (ICD-10 code: S72.1); or subtro-
chanteric fracture (ICD-10 code: S72.2). Only patients who 
underwent surgery and were discharged alive (to home or 
home hospitalization) were included. Nursing homes are 
not often a discharge destination in Chile, and they were not 
included in the present study.

Patients were excluded if they were discharged from the 
hospital and categorized as “deceased,” discharged from the 
hospital without surgical intervention, or transferred from 
or to another hospital. The sample included all cases regis-
tered in Chile for the mentioned period. A prolonged LOS 
lasts more than 14 days in the context of a hip fracture in 
elderly patients, for the following reasons [18]:

1. It is the cutoff point associated with increased mor-
tality in patients who are discharged to go home.

2. It is associated with a risk of 11% mortality at 30 
days, which is found to be 103% higher than those 
discharged within 5 days.

3. The mortality risk observed in these patients is simi-
lar to those who are discharged from the hospital 
without surgery.

In one study [18], only 8.5% of 188,208 patients who were 
admitted in New York, USA, had LOS of 14 days or more. 
For our study, LOS of ≤13 days was considered “short 
stay” and of ≥14 days was “prolonged stay.” The LOS was 
predicted as a binary variable (“short stay” or “prolonged 
stay”). Of the 123 variables, 18 were chosen by the authors 
(2 fellowship-trained adult reconstruction surgeons) due to 
their clinical relevance as potential predictors of prolonged 
LOS in hip fracture patients (Supplemental Table 1). Data 
were complete for each of the variables, so imputation tech-
niques were not required [13].

Artificial neural networks (ANN) correspond to one of 
the subsets of machine learning, which is a branch of artifi-
cial intelligence [15]. These computational models emulate 
the information processing performed by the human brain. 
The multilayer perceptron network available in the SPSS 
Modeler Flow of the Watson IBM Studio commercial plat-
form was also used. This type of neural network has one 
“input” layer, one “hidden” layer, and one “output” layer. It 
can be defined as a fully connected, feed-forward ANN 
with a single hidden layer. According to Greenstein et al 
[9], this method works by taking the input variables, multi-
plying them by weights (amount of impact), and using a 
nonlinear function to scale this information within a range. 
Moreover, this process occurs at each node within the neu-
ral network to optimize it (Fig. 1).

Eighty percent of the sample was used to train the model 
(training sample) and the remaining 20% was used to vali-
date it (test sample). The performance of the ANN was 
evaluated via measuring its discrimination power through 
the area under the curve of the receiver operating character-
istic curve (AUC-ROC). The parameters used to calculate 
the level of discrimination was classified as excellent (0.9–
1), good (0.8–0.89), fair (0.7–0.79), poor (0.6–0.69), and 
failed (0.5–0.59) [11].

Results

The study comprised 2,686 cases managed in 43 public 
hospitals in Chile during 2020. All patients were admitted 
through the emergency department, underwent surgery, 
and were discharged alive. The average age was 81 ± 6.5 
years, and 76.8% were women. In only 46 cases (2%) was 
the ICD-10 code U07 (diagnosis related to COVID-19 
infection) listed within the first 2 comorbidities. The aver-
age hospital stay was 12 ± 9 days. We found that 443 
(16.5%) underwent surgery within 2 days of admission, 
and 820 (30.2%) had a prolonged stay.

In the training sample (2,125 cases), the ANN correctly 
discriminated hospital stays in 1,532 cases (72.09%), with 
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AUC-ROC of .745. In the test sample (561 cases), the 
ANN correctly classified 401 cases (71.48%), with AUC-
ROC of .742.

The ANN identified the following 6 variables with the 
highest relative importance in predicting a prolonged LOS 
(relative importance in parentheses): the hospital where the 
patient was managed (0.11), the geographical health service 
responsible for providing health care to patients according 
to their residential area (0.11), early surgery (or surgery per-
formed within 2 days of admission) (0.10), IR-DRG sever-
ity level (0.09), day of the week the patient underwent 
surgery (0.08), and the patient’s origin at the time of admis-
sion (whether the patient came from home, a local emer-
gency department, etc.) (0.08).

This type of methodology allows the creation of differ-
ent scenarios by modifying the associated variables. For 
example, if an 80-year-old man were hospitalized at El 
Carmen Hospital (in the Central Metropolitan Health 
Service in Santiago) with a pertrochanteric fracture (candi-
date for internal fixation) on a Tuesday in July, and surgery 
was not performed within 48 hours, he would have a 26% 
chance of a prolonged stay (see other possible scenarios, 
Supplemental Table 2).

Discussion

Employing an ANN, we developed a model to predict the 
risk of prolonged LOS among older adults with hip frac-
tures during the COVID-19 pandemic in Chile. The model’s 

capacity to predict prolonged versus short stays was found 
to be fair; the main predictors of a prolonged LOS were 
found to be organizational factors.

There are several potential limitations of our study. First, 
we used a public registry as a primary data source, and as 
with any other registry study, there is a possibility of collec-
tion and coding bias that could ultimately influence the 
results. However, we believe that our use of an official 
national database overcomes this limitation. Second, regis-
try studies capture scarce information about patients [8], 
and since we included comorbidities only at 2 levels, it is 
possible that summarizing comorbidities through a scale 
such as the Charlson score [10] would have affected the 
results (there are no studies that validate comorbidity 
indexes to study episodes of hip fractures in Chile). Third, it 
is possible that the coding of COVID-19 during the episode 
of hip fracture could have been biased, considering the fact 
that in only 2% of the sample was COVID-19 coinfection 
captured in the first 2 comorbidities.

It is remarkable that in Chile during the COVID-19 pan-
demic there has been a low rate of early surgical resolution 
and a high rate of prolonged stays in comparison to interna-
tional studies [18]. According to our model, the main vari-
ables that predict a prolonged LOS are organizational: (1) 
the hospital center where the patient was treated, (2) the 
health service in charge of providing health care to the 
patient (which is a geographical variable), and (3) the oppor-
tunity to perform an early surgery (which is understood as 
surgery performed within 48 hours of admission [14]). Also 

Fig. 1. Artificial neural network diagram showing the input, hidden, and output layers. The input layer shows the variables in Spanish, 
in the following order: origin of the patient, health service, type of insurance, month, hospital, day of the week, day of the surgery, and 
diagnosis. LOS length of stay.
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relevant is that in the public health system in Chile, patients 
cannot choose the hospital they are admitted to. Rather, it is 
assigned by the health care service associated with the 
patient’s geographic area of residence. The 3 organizational/
administrative factors mentioned above are well known as a 
source of disparity for outcomes that are relevant in hip frac-
ture patients. For instance, a study conducted in New York, 
USA, demonstrated that LOS depends on the type of hospi-
tal where the patient was managed; safety-net hospitals 
(those that cover uninsured or Medicaid patients) have a lon-
ger LOS compared with non-safety net hospitals [4].

The geographical region where the patient lives has 
also been associated with delayed surgical treatment for 
hip fractures in the United States [3]. This phenomenon is 
similar to the influence of the Health Service in our study, 
which is also taken as a geographical variable. In the case 
of Chile, even though all geographical health services 
depend on the Ministry of Health, economic and human 
resources are not equally distributed [5]. It has been pro-
posed that the Chilean public sector is “underfunded and 
ill-equipped to provide care for most of the population” 
[5]; thus, the variation we observed may indicate dispari-
ties in access to care. Another factor that may be related 
to the geographical variability is the proven difference in 
the incidence of hip fractures by a factor of 4.5 between 
the regions with the highest and the lowest incidence 
within the Chilean territory [7], making access to care 
more difficult in some areas. In addition, there is evidence 
that surgical delay of more than 2 days depends on vari-
ous administrative factors, including hospital region, 
admission day, and insurance type [20].

Although comorbidities were included through the 
ICD-10 diagnostic code at 2 levels, these were not part of 
the most relevant variables in our study. The IR-DRG 
severity level (the fourth most relevant variable in the 
study) is automatically calculated by the 3M IR-DRG soft-
ware using the information provided by the coding person-
nel and could be regarded as a substitute for a comorbidity 
index. The ordinal values of the IR-DRG severity level 
represent (1) the absence of comorbidities and complica-
tions, (2) the presence of comorbidities or complications, 
and (3) the presence of major comorbidities or major com-
plications. Other administrative factors relevant to our 
study are the day of the week the patient underwent sur-
gery and the patient’s origin (home, local emergency cen-
ter) at the time of emergency admission. Both may also be 
related to organizational barriers.

According to Ramkumar [19], machine learning is a pro-
gram that performs tasks automatically from a data source 
without needing explicit programming. This technology has 
quickly been incorporated into medical research and repre-
sents the extension of more traditional statistics. In the 
orthopedic literature, several recent publications have used 

machine learning to create prediction models for hospital 
stays and payments [19], probability of complications [12], 
postoperative satisfaction [12], and other topics. As we did 
in our study, all these publications use databases considered 
to be “big data” [17].

In conclusion, we created an ANN to predict prolonged 
LOS during the COVID-19 pandemic in elderly Chilean 
patients admitted with hip fracture. Our findings suggest an 
opportunity for improvement in the public sector in Chile 
considering that the main predictors are dependent on orga-
nizational and administrative factors.
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