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Summary 

Measuring patient safety is challenged by the differences in methods for 

measurement, variation in services provided, and care demands in hospitals. To 

minimize them health service providers, policymakers and researchers investigate 

potential causes of safety issues. Capacity utilization, (i.e., bed-occupancy rate), is one 

aspect of safety tipping points i.e., high capacity utilization levels in which patient 

safety incidents like in-hospital mortalities are more likely to occur. To see whether 

the entire hospital system can supply sufficient resources to match the care demand, 

several aspects of care like the volume of patients, turnover, and severity of patient’s 

illnesses need to be considered and their link with outcomes such as mortality should 

be measured.  

Previous studies have shown the association, particularly capacity utilization and in-

hospital mortality. Yet, the time-varying nature of capacity utilization in hospitals 

with its time-varying confounders was not investigated at all. Even though, studies 

included other individual factors and comorbidities in the model of capacity 

utilization and mortality. The risk adjustment of both individual and time-varying 

covariates with a causal inference methodology in health service research could 

enhance our understanding based on observational data. Applying the causal 

perspectives in the routine data helps to understand patient safety in the absence of 

randomized experiments.    

Therefore, the overall aim of this dissertation was to investigate different aspects of 

the safety tipping phenomenon. We first explored hospital care demand from a 

longitudinal perspective, mainly daily capacity utilization, patient turnover, and 

patient clinical complexity level (PCCL) of 102 Swiss general hospitals. Secondly, we 

derived Swiss comorbidity weights and compared these with existing weights to 

predict in-hospital mortality. Finally, a time-varying causal model with individual 

factors was explored via directed acyclic graph (DAG) and the potential causal effect 

of daily capacity utilization on in-hospital mortality was estimated. 

This dissertation is embedded in the INVEST (INVEstigating Safety Tipping points in 

Swiss hospitals) study, focusing on in-hospital mortality as a patient safety indicator, 

which is all-cause mortality from the routinely collected data of all Swiss hospitals 

from 2012 to 2017. Overall, this dissertation is structured in six chapters. 
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Chapter 1 provides a general introduction in the field of patient safety, in-hospital 

mortality, system thinking, and the tipping point phenomenon in hospital care. 

Furthermore, a brief outline of comorbidity and weighting systems to predict in-

hospital mortality is provided. Additionally, an introduction of causal inference with 

time-varying variables and the causal effect estimations are offered for capacity 

utilization and in-hospital mortality. Chapter 2 states the aims of this dissertation. 

The article presented in Chapter 3 constitutes the findings of care demand variation 

in Swiss hospitals from the longitudinal perspective. We utilized one-year patients’ 

data to explore the variation of each hospital care demand. Hospital care demand was 

longitudinally explored as a percentage of daily capacity utilization, percentage of 

daily patient turnover, and average daily patient clinical complexity level values per 

general hospital. Patient clinical complexity level (PCCL) was measured as a 

cumulative effect of a patient’s clinical complexities or comorbidities (CC) for each 

episode of care and it ranged from 0 to 4, i.e., no CC to very severe CC. We used Swiss 

diagnosis-related groups version 6 for compiling clinical conditions reported in ICD 

10 codes for generating each patient’s PCCL value. The results indicate the average 

daily capacity utilization (87.7%) and average daily PCCL value (2.06) were highest in 

university hospitals but the patient turnover (22.5%) was lowest. Similarly, patient 

turnover (34.5%) was highest in medium basic hospitals but the lowest daily PCCL 

value (1.26). Moreover, the capacity utilization (57.8%) was lowest in small basic 

hospitals. The findings suggest there was pronounced variability of all three measures 

of care demand in Swiss hospitals and they distinctly varied between days, weeks, 

and seasons throughout the year. Variation and daily trends in care demand required 

a balanced care supply in Swiss hospitals. 

Chapter 4 describes different comorbidities indices in Swiss hospitals, one of the 

measures of patient complexity and the predictive performance of different 

comorbidity weighting systems with in-hospital mortality. We used six years of Swiss 

general hospital data with a total of 6.09 million patients’ cases for the analysis. The 

data were randomly split into two halves to derive and validate Swiss comorbidity 

weights from the Elixhauser comorbidity index. Both sets were used for validation of 

the new weights and to compare new weights with existing comorbidity weights to 

predict in-hospital mortality. Derivation and validation of weightings were conducted 
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with generalized additive models adjusted for age, gender, and hospital types, and 

the comparison was done using c-statistic and net reclassification improvement (NRI). 

Overall, c-statistic with Swiss weights (0.867, 95% CI, 0.865–0.868) was slightly higher 

than van Walraven’s weights (0.863, 95% CI, 0.862–0.864) and Charlson’s weights 

(0.850, 95% CI, 0.849–0.851). The NRI of new Swiss weights improved the predictive 

performance by 1.6% on the Elixhauser-van Walraven and 4.9% on the Charlson 

weights. The patient population-based Swiss weights support the analysis of in-

hospital mortality and other health outcomes. Comorbidities/comorbidity scores are 

important individual factors for risk adjustment for hospital exposure and health 

outcomes. 

Chapter 5 analyzed the causal effect of capacity utilization on in-hospital mortality in 

Swiss hospitals. Grounded on the variation of the time-varying measures of care 

demand (Chapter 3), we hypothesized exposure to daily capacity utilization has a 

causal effect on 14-days in-hospital mortality. Time-varying confounders and time-fix 

variables of capacity utilization and in-hospital mortality were linked along with an 

unmeasured variable using DAGs. Daily capacity utilization in Swiss hospitals was 

explored to observe safety tipping points at the 85th percentile of the distribution on 

the hospital level. To test our hypothesis, we used one-year patient data, adding 14-

days exposure to capacity utilization, the time-varying confounders, patient turnover, 

and PCCL and time-fixed variables weekdays, hospital types, Elixhauser comorbidity 

index weighting score, age, and sex. Inverse probability of treatment weights (IPTW) 

was computed to balance the weight between high capacity utilization and low 

capacity utilization from the safety tipping points cutoff of 85th percentile and to 

eliminate treatment-confounder feedback. The computed IPTW was incorporated 

with a marginal structural model (MSM) to estimate the causal effect of capacity 

utilization on in-hospital mortality. The finding shows that daily exposure to high 

capacity utilization yielded a 2% increase in 14-days in-hospital mortality for each 

additional day of high capacity utilization (Odds Ratio (OR) 1.02, 95% CI: 1.01 to 1.03).  

Additionally, we found weekend effects and increased mortality risk with increasing 

comorbidity scores in the Swiss patient population. The variation of safety tipping 

points between hospitals suggests Swiss hospitals get strained at different points 



 12 

ranging between 42.1% to 95.9%. Thus, hospitals require the planning of resources 

based on the intensity of the care demand.  

Chapter 6 of this dissertation summarizes the key findings of all studies and discusses 

them in the context of the literature. Furthermore, the strengths and limitations of the 

studies are discussed, and implications of causal inference in an observational study 

and the application of evidence in hospitals are presented. This dissertation 

contributes to the current literature in the field of patient safety and the causal 

relationship between capacity utilization and in-hospital mortality in an observational 

study. It identifies safety tipping points variation in terms of capacity utilization in 

Swiss general hospitals. After reaching tipping points, hospitals are under strain, and 

matching hospital resources with care demands is required to improve patient safety 

and quality of care. 
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Patient safety is a major concern of the general public, health care services, and 

policymakers. The WHO (World Health Organization) describes patient safety as a 

health care discipline that emerged with the evolving complexity of health care 

systems and the resulting rise of patient harm in health care facilities [1]. Agencies 

working on patient safety and healthcare systems aim to prevent and reduce risks, 

errors, harm, or death that occur to the patients during the provision of healthcare [2-

4]. Patient safety is nowadays widely accepted with a clear consensus to deliver 

quality health services effectively, safe, and people-centered across the world. 

However, the occurrence of adverse events due to unsafe care is likely one of the ten 

leading causes of death and disability in the world [5].  

In all healthcare systems matching care demand and supply reduces unsafe care and 

safety incidents. However, it is challenging to meet the demand from the given 

supply, mainly due to triaging, rationing of care, and adverse events which might 

occur during the care process [6]. One of the key aspects of care demand is capacity 

utilization in hospitals. Safety tipping points could be from a change in some of the 

factors resulting in the significant impact on outcomes i.e., high capacity utilization 

that increases the risk of patient safety incidents, such as in-hospital mortality [7,8]. In 

hospitals, high capacity utilization, i.e., high bed occupancy rates, is provoking safety 

tipping points [7]. To understand whether the entire hospital system meets the care 

demand like the volume, turnover, and severity of patients, it is important to 

investigate safety tipping points from the care demand perspective and factors, such 

as comorbidities associated with negative health outcomes- like mortality, to improve 

patients’ care. 

 

1.1 Patient safety events and in-hospital mortality 

The Agency for Health Research and Quality (AHRQ) has categorized patient safety 

events as incidents, near misses, and unsafe conditions [9]. A patient safety incident 

is an event that reached the patient, regardless of harm (including adverse and 

sentinel events) whereas a near miss is an event that did not reach the patient (without 

known harm), but has the potential for harm [9,10], where unsafe conditions are 

circumstances e.g. at the workplace that increase the probability of safety events. The 

most common patient safety events are related to blood and blood products, 
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healthcare-associated infections, falls, medications, devices, or surgery [9]. Moreover, 

there is a large group of other events/conditions, which might be 

unknown/unreported such as delay in treatment, high capacity utilization, specimen 

mishandling, telemetry issues (staff’s perception of event categorization), or staff’s 

target on high-risk patients [11].  Events classified as “others” are mainly due to 

indirect causes rather than disease severity itself.  

Relating safety events to all-cause death in hospitals, the American Data Network-

Patient Safety Organization (AND-PSO) reported 83% of all deaths occurred in three 

event types, specifically “others”, healthcare-associated infections, and surgery or 

anesthesia [11,12]. More specifically, the others category holds more than 60% of all-

cause death. In 1999 the Institute of Medicine’s (IOM) report To Err Is Human 

estimated between 44 to 98 thousand deaths per year occurring from medical errors 

in the United States [13]. Similarly, previous studies have shown that up to 40% of 

patients experienced safety events in acute care hospitals resulting in prolonged 

hospital stays or mortality [14-20]. In-hospital mortality is the ultimate harm to the 

patients and their relatives can experience and is often due to the indirect/system-

level factors which are less often investigated. Among these causes, high capacity 

utilization or safety tipping points in hospitals have been linked with in-hospital 

mortality [7,8]. 

 
1.2 Safety tipping points in hospitals 

Hospitals experiencing safety issues are rarely investigated with an indirect cause like 

capacity utilization and safety tipping points. The theoretical foundation of capacity 

utilization was provided by Johansen in 1968 as the maximum that can be produced by a 

production unit with fixed and variable inputs for a given period and provided that the 

availability of variable factors of production is not restricted [21] and several studies have 

utilized Johansen’s definition of capacity utilization in healthcare [22-24]. In the 

hospital context, capacity utilization is simply defined as the percentage of beds 

occupied per unit time, which is driven by key variables such as the number of 

admissions and discharges and the length of stay [24,25]. For example, when bed 

occupancy is low, staff experience less work pressure, and when bed occupancy 

gradually increases work pressure is also increased with relatively constant resources. 
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Subsequently, at very high occupancy levels, work pressure can exceed a critical point 

– also referred to as safety-tipping point [7,24,26]. At this point, managers are unable 

to respond adequately, and consequently, quality of care and patient safety 

deteriorates during periods of high occupancy [7].  

The study from Kuntz et al. described the safety tipping point in terms of capacity 

utilization in German hospitals, where they reached the critical point at 92.5% of bed 

occupancy, reporting one in seven death at a bed occupancy rate above this critical 

point.[7]. No other papers have explained high capacity utilization in hospitals as 

tipping points, but few papers have reported the relation between high bed-

occupancy and in-hospital mortality in Danish [8] and English hospitals [27,28].  In 

these studies, the tipping point phenomenon in hospitals involves two main 

components of the health service i.e., the demand of capacity utilization and the 

resources of providers influencing the outcomes (Figure 1.1). These parts are 

incorporated in system approach models [38] showing the interactions and the 

possible causal relations between them. However, the models do not necessarily show 

when and how these relations exist. With the different times and processes, when 

systems are under strain (e.g., high workload) the relation could show negative health 

outcomes such as mortality. This thesis describes safety tipping points in Swiss 

hospitals based on capacity utilization and how these might influence adverse 

outcomes such as mortality.  

 
Figure 1.1 The safety tipping point phenomenon in hospitals, with the major 
components, capacity utilization and adverse outcomes (Adopted from Kuntz et al. 
(2014)) 
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1.2.1 Factors influencing safety tipping points in hospitals  

Patient safety and tipping points depend mainly on the safety practices in hospitals. 

The AHRQ defines patient safety practices as a type of structure or process whose 

application reduces the probability of adverse events or in-hospital mortality resulting from 

exposure to the health care system across a range of diseases and procedures [29]. Safety 

practice refers to the process and structure of hospitals (e.g., balancing higher skilled 

and lower skilled staff in a unit during the weekend), which aims in reduction of 

errors and maintaining the system under pressure.  Overall safety practices could be 

described as the context (i.e., the structure of the hospitals), care demand, and supply.  

Context refers to the structure or the types of hospitals and the time-related changes 

in hospitals “patterns or trend”, which varies with days of the week. For instance, in 

Switzerland there are five different types of  general hospitals, depending on size, the 

number of cases treated, the combination of hospital units, and level of care delivery, 

described by the Swiss medical association [30,31]. Namely, they are university 

hospitals, tertiary care hospitals and large basic hospitals, medium basic hospitals, 

and small basic hospitals. Safety practices differ between hospital types, as fewer 

patients visit small hospitals and more patients in university hospitals depending on 

the resources and size [30]. Thus, this changes the tipping points of capacity utilization 

by hospitals and over time.  

Care demand in hospitals refers to the actual workload in hospitals driven by the 

headcounts and severity (clinical complexity) of each case and varying with respect to 

time/days [32]. Headcounts refer to the number of patients throughout the day [7], 

and actual patients discharged or admitted in a day [33]. On the other hand, patient 

severity refers to the level of severity/complexity of patients depending on 

comorbidities and clinical complexity which are often reported in the form of ICD 

codes [34]. All these components of care demand are interrelated to increase or 

decrease the level of safety tipping points in hospitals. 

Care supply directly refers to the level of services or resources available in hospitals, 

such as the staffing mix of nurses, doctors, and other care assistants during the 

patient’s hospital stay. The change in the nursing staff’s between a registered nurse 

and nursing assistant could influence patient safety outcomes like in-hospital 
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mortality [35].  Therefore, the level of care supply might influence safety tipping 

points in hospitals, however, care supply largely depends on care demand  [32].  

 

1.2.2 Variation of time-varying factors of safety tipping points in hospitals 

Another important consideration of safety tipping point is the time-varying nature of 

care demand and supply in hospitals. The hospital system is a continuous process, 

where patients or staff enter and leave each hour or day, or day of the weeks 

throughout the year. The longitudinal variation of exposures and confounders of 

demand and supply in hospitals create strains at certain points in time (i.e., too high 

demand given the available resources) which could result in adverse outcomes. For 

instance, the daily change in capacity utilization leads to more patients per day during 

weekdays and fewer patients per day on a weekend in a normal working week [36]. 

Patient admission and discharge might also show a similar trend [37]. Similarly, the 

patient’s severity of disease in hospital units and staffing mix varies constantly 

throughout the day and days of the week [32]. All these variations in demand should 

match with each hospital’s supply/resources for safety practice. Thus, investigating 

tipping points through capacity utilization requires a description and understanding 

of all factors contributing to the demand-side variation over time.   

 

1.3 System thinking representing tipping points phenomenon in hospitals  

System thinking is a perspective that targets the understanding how elements of 

system influence one another. An example of nature is an ecosystem. System thinking 

in healthcare applies scientific insights to understand the elements that influence 

health outcomes; models the relationships between those elements (e.g., causes and 

effects); and alters design, processes, or policies based on the resultant knowledge to 

produce better health at lower cost [38]. System thinking brings most of the factors of 

safety tipping points into three interacting parts of a complex adaptive system in 

health; 1) provider system: a clinic or hospital where physicians or nurses provide care 

and support for patients; 2) healthcare system: a collection of clinical programs and 

centers that are the part of a large organization; 3) patient’s system: patients 

interacting with families, friends, their providers, and healthcare system [38,39]. As 

explained above system thinking provides a perspective on the interplay between care 
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demand and supply in hospitals which could also be described with the iceberg model 

of system thinking. For instance, care demand factors and their patterns over time are 

the parts of the hospital system that influence daily capacity utilization and ultimately 

safety tipping points. 

1.3.1 Iceberg model of system thinking in hospitals 

The iceberg model of system thinking (Figure 1) visualized what you see above the 

waterline is only the tip of the problem (e.g., in-hospital mortality) [40-42]. However, 

what lies beneath the surface provides a much deeper understanding of the problem 

[41].  For example, high capacity utilization with comorbidities (trend or pattern) can 

reveal one of the underlining causes of safety events or mortality in hospitals. The 

model includes the structure of the hospitals or health system and values or beliefs or 

patient’s experience of health service, also triggers of the problem [11,43]. The 

foundations of the problem presented under the water in the iceberg model are 

explained via causal loops, feedback, and variations in the healthcare system [40]. 

Although simplistic, the model provides a linkage within a hospital system to define 

the underline roots of in-hospital mortality through the safety tipping phenomenon, 

in particular the capacity utilization in hospitals.   

 
Figure 1.2. The iceberg model of system thinking for in-hospital mortality (Adapted 
from The Iceberg Model by Goodman, 2002) 
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1.4 Medical comorbidities in hospitals  

Along with the hospital and healthcare system factors influencing the patient safety, 

patients with comorbidities are more at risk, influencing tipping points and 

particularly the outcome of in-hospital mortality. For example, acute renal failure in 

cancer patients is close call or near miss for in-hospital mortality. The concept of 

patient complexity has not been widely used in healthcare but has different meanings 

across medicine, nursing, and social work disciplines. Patients' complexity is 

represented or described with different terms, like comorbidity, multimorbidity, poly-

pathology, dual diagnosis, or multiple chronic conditions [44]. Along with the 

different term’s comorbidity is probably the oldest used in medicine to describe 

complexity, which is the presence of one or more additional clinical conditions often 

co-occurring with a primary condition [45]. Comorbidity is associated with worse 

health outcomes including mortality, more complex clinical management, and 

increased health care costs, which needs appropriate adjustment to reduce bias in 

observational studies [45,46]. Studies have suggested comorbidity is used as a 

personal-level construct with four major types of distinction: 1) the nature of health 

condition (e.g., ICD 10), 2) the relative importance of co-occurring conditions (e.g., 

mental illness and substance abuse), 3) the chronology of the conditions (e.g., patient 

with diabetes might diagnose with depression with time), 4) expended concepts (e.g., 

morbidity burden or severity/complexity) [45].  

 

1.4.1 Comorbidities for risk adjustment of in-hospital mortality 

Various approaches have been taken to characterize the combined burden of diseases 

or conditions as a single measure of scale or index. The Charlson index, (developed in 

1987)  [47] and the Elixhauser index, (developed in 1998) [48], both comorbidity 

indices are the most popular measures. The Charlson index is mainly used for chronic 

conditions and the Elixhauser index is used for both acute and chronic conditions. For 

hospital data, ICD codes are used to classify each of the comorbidities within each 

comorbidity index [49]. Moreover, the Elixhauser index is statistically superior to the 

Charlson index to predict in-hospital mortality [46,50].  

Moreover, comorbidity weight differs from the comorbidity count because the odds 

of dying due to diabetes are not the same as the odds of dying from metastatic cancer. 
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Therefore, Charlson weight was developed and used mainly for the Charlson index, 

however different weights were developed for the Elixhauser index depending on the 

sample and context of the data [51,52]. van Walraven et al (2009) developed a 

composite score (VW score) for the Elixhauser comorbidities by modeling in-hospital 

mortality with inpatient admission data (Ottawa Hospital, Ontario, Canada, 1996–

2008) [53]. In the same way, country or regional-specific comorbidity weights were 

developed and verified using local data [46,50]. A weighted sum score/summary 

measure provides an attractive advantage over plain dummy variables [46,54], as it 

reduces the overfitting risk of more parameters, unjustifiable in small datasets [46] 

and limits computational requirements in large ones [54].  

Several studies are using comorbidities as important individual factors to predict in-

hospital mortality or other outcomes like cancer, rehospitalization, length of hospital 

stay, hospital discharge using both comorbidity counts and weighting scores 

[46,50,51,55,56]. Furthermore, it is adjusted to eliminate confounding created by 

disease severity in the causal relationship between treatment and outcome [57-59] and 

support policymakers to control health care costs and improve quality via Diagnosis-

related groups (DRGs) [60]. Thus, for the safety tipping phenomenon in hospitals, 

comorbidities are an important predictor influencing capacity utilization and in-

hospital mortality including reimbursement policy, which needs appropriate 

adjustment. 

 

1.5 Causal inference in an observational study  

Knowing both the system-level variables and individual patient-level variables in 

hospitals, provide evidence of system dynamics offering a nexus between variables in 

a meaningful way. Moreover, safety tipping points could vary across hospitals 

depending on the size of the hospital and demand load and it is further challenged by 

the time-varying nature of variables (e.g., capacity utilization).  Particularly, one of the 

causes of mortality in a hospital could be high capacity utilization which needs 

appropriate tools/instruments to define the nexus and the methods to estimate its 

effect with the outcome through causal inference perspective.  

Causal inference stated by Hernán and Robins is a complex scientific task that relies 

on the triangulation of evidence from different sources and the application of a variety 
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of methodological approaches [59]. Moreover, Pearl describes causality, as a scientific 

friendly language for articulating knowledge and mathematical machinery for 

processing and combining knowledge and data for drawing new causal conclusions 

[61]. These definitions exhibit somehow differently from experimental to observation 

studies. Results from a well-conducted randomized controlled trial (RCT) should 

ideally inform on the comparative merits of treatment or exposure choices for a health 

outcome in an experimental study [62].  On the other hand, with observation studies, 

outcome comparison is much less convincing. A key reason not to endow 

observational associations with causal interpretation is the lack of randomized 

treatment/exposure assignments [59]. However, with an increase in methodological 

approaches and relative ease in computation, causal inference from observational data 

then revolves around the hope that the observational study can be viewed as a 

conditionally randomized experiment to draw causal relationships with assumptions, 

like ignorability and positivity [59,61-63].   

The system approach in hospitals bridges patient and hospital characteristics with the 

context of the healthcare system. Within hospitals, some variables are exposures, some 

of them are confounders or mediators and some of them are outcomes. Particularly, 

capacity utilization is a natural exposure of patients in hospitals for the day's patient 

stays e.g., patients exposed to high or low-capacity utilization on each day, rather than 

randomized exposure in experimental study e.g., the number of patients with 

treatment A vs. a number of patients with usual treatment.  In observational study 

causal interpretation is further challenged with the computation including 

confounders, methodology, and assumptions. However, hospitals generate large 

amounts of real data [64] regularly with different aspects of capacity utilization, other 

care demands, supply and outcomes variables, and causal inference provides means 

to enable researchers to identify links from the observational data [65].   

For instance, inferring the effect of high and low-capacity utilization [8,27] and the 

difference in potential outcomes at a particular point of time could show the causal 

effect between the two exposures. For example, if a patient is exposed to high capacity 

utilization he/she is more likely to have negative health outcomes [7]  and vice versa. 

After adjusting for system and individual factors which influence the relationship, the 

true difference in estimate between the high and low-capacity utilization shows the 
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causal effect between them. The time fixed or cross-sectional settings are helpful to 

generate causal hypotheses. However, in health service research, we have time-

varying covariates of demand and supply, instrumental variables, individual and 

system-level variables confounding the relationship. Thus, it needs a causal inference 

perspective to represent the problem through directed acyclic graphs (DAG), to 

identify potential biases through time-varying covariates, and the appropriate 

methods to measure the causal effect   
 

1.5.1 Representing causal inference through Directed Acyclic Graphs 

Directed acyclic graphs (DAGs) are popular tools for identifying appropriate 

adjustment strategies for causal inference in epidemiological and applied health 

research [66,67]. DAGs provide a simple and transparent way for scientists to identify 

and demonstrate their knowledge, theories, and assumptions about the causal 

relationships between variables [67]. DAGs help to synthesis evidence to guide risk 

adjustment using (direction) d-separation rules given by Pearl in 1995 [68] following 

causal inference principles (define, assume, identify and estimate) [61,69-71]. Mainly, 

representing causal inference using DAG includes three main stages of mapping, 

translation, and integration [67].  

Mapping includes defining the outcome, exposure, controlled, mediators, and 

instrumental variables (nodes) from the literature and expert knowledge [67,72]. The 

directed or undirected edges are drawn originating from control or confounders to 

exposures and outcomes (direction does not matter until the translation stage). The 

next stage is translation, where posited relationship and its reverse are both assessed, 

where the edges may be posited, reversed, or bi-directional [59]. If not, they are 

deleted. The third stage is integration, the translated DAGs are combined into one by 

synthesizing all indexed directed edges and the nodes are recombined to reduce 

complexity and to established consistency [67].   

From the literature, studies have shown the association between capacity utilization 

and in-hospital mortality [7,8,27]. It is also known that comorbidity influences 

capacity utilization increasing length of stay and directly the mortality; staffing, 

patient turnover, hospital types, age, sex are (directly/indirectly) related to both 

capacity utilization and mortality [7,50,51]. These relations and factors influencing 



Introduction 

 24 

overall patients safety in hospitals can be explored in DAGs, and the issues of time-

varying covariates can be highlighted and explained through DAGs building process 

of mapping, translation, and integration [73].  

For instance, locomotive diseases (e.g., musculoskeletal system and fractures) and/or 

respiratory diseases are independent causes of hospitalization, i.e., the collider 

(common effect-the two arrowheads collide into hospitalization) (Figure 1.3). If the 

collider or death is controlled by a researcher in a general population dataset, it 

induces collider bias and induces a distorted association between the locomotive and 

respiratory diseases. Since the path from locomotive to respiratory diseases is opened 

at hospitalization. The DAG in pink lines shows the error when adjusting the collider 

or descendent of the collider, which is a particular example of a bias provided by 

Sackett in his study [74]. The DAG visually represents the bias and suggests 

researchers exclude colliders or descendants of the collider to control during risk 

adjustment.   

 
Figure 1.3 Illustration of collider bias using causal DAG between locomotive and 
respiratory diseases  
 
1.5.2 Causal inference with time-varying variables 

Time-varying covariance occurs when a given covariate changes over time during the 

follow-up period (e.g., hemoglobin level during pregnancy), which is a common 

phenomenon in clinical and health service research [75]. Under this condition, each of 

the time-varying variables could change over time, that could be treatment/exposure 

or confounders, or both. Essentially, we need to integrate these changes to assess the 

total causal effect of treatment/exposure on outcomes.   

Many questions arise when treatment or exposure varies over time that is potentially 

causal. For example, medical treatment may take different values for a single 

individual over time, which would be described as time-varying treatments. Time-

varying treatments are defined clearly with a plan, policy, protocol, or regimes a rule 
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to assign treatment at each time of follow-up [59,68]. Very popular medical treatment 

strategies are “always treat” and “never treat” [59]. This applies the same principle for 

time-varying exposures if they are binary. However, in the continuous exposure, the 

threshold of treatment strategy could be determined based on units or dose e.g., CD4 

cell counts in HIV patients [59,76]. Time-varying treatments are also influenced by 

other variables called time-varying confounders. Many exposures of epidemiological 

interest are time-varying; for example, treatment dose, body mass index, smoking 

status, blood pressure, depression, air pollution, socioeconomic status [77]. For 

instance, in hospitals, daily capacity utilization might be influenced by daily staffing, 

patient turnover, and the severity of the patients.  

The sequence of time-varying treatments influenced by respective time-varying 

confounders for each time point requires adjustment of time-varying confounders to 

validly estimate the causal effect of any treatment. However, time-varying 

confounding can also be affected by past exposure and also exists when there is 

feedback between the exposure and outcome, which is called treatment-confounder 

feedback (TCF) [59,77]. TCF is a key problem in causal inference for time-varying 

treatments. When treatment-confounder feedback exists, traditional adjustment 

methods may introduce bias in the effect estimates. That is, even if we had all the 

information required to validly estimate the average causal effect of any treatment on 

the outcome, we would generate a biased estimate using traditional methods [59].  

Stratification and outcome regression are the commonly used methods to adjust for 

confounding, mainly with time-fix variables. Stratification means estimating the 

association between treatment and outcome in subsets–strata–of the study population 

defined by the confounders [59]. Outcome regression generally fits the model 

conditions on the treatment variable for effect estimation in causal inference [59,78]. 

Conditioning on confounders that are affected by previous treatment can create 

selection bias even if the confounder is not on a causal pathway between treatment 

and outcome [59]. Moreover, in time-varying variables, the confounder for 

subsequent treatment lies on a causal pathway from earlier treatment to an outcome 

that needs adjustment to prevent the back-door path. Thus, traditional methods 

cannot be fixed and essentially fail to control for TCF.  
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1.5.3 Causal effect estimation with time-varying variables 

Conventional methods to perform longitudinal data analysis such as linear mixed-

effects models and generalized estimating equations models are capable of handling 

time-varying covariates [79]. However, in the case of time-varying variables, the 

probability of treatment exposure differs across time, which requires the application 

of time-varying weights on the unit of analysis (e.g., individual subjects) and to 

eliminate TCF. In this context, Robins’ generalized methods (G-methods) like G-

computation, [80] g-estimation for Structural Nested Models [81], and inverse 

probability of treatment weighting (IPTW) for Marginal Structural Models (MSMs) 

[82] have been proposed as alternatives to standard regression adjustment for 

confounding, to overcome the aforementioned problem. 

An alternative to regression adjustment is to utilize so-called IPTWs for MSMs to 

account for bias due to observed confounders as well as unobserved confounders [79]. 

The fundamental difference between regression adjustment and approaches using 

IPTW is that the former models the relationship between a covariate and the outcome, 

whereas the latter models the relationship between the covariate and the putative 

cause (i.e., treatment assignment) [63]. IPTWs are generated applying time-varying 

confounders and other covariates to a treatment/exposure, which stabilized the 

weights of exposures/treatments incorporating MSMs [79] holding the assumptions 

of causality [63].   

G-computation or G-formula is a time-dependent and model-based generalization of 

standardization (i.e., can better handle heterogeneity involving time-varying 

exposure and confounding) [77,83]. This method, based on weighted averaging and a 

standard population, used to remove the effects of differences in age or other 

confounding variables (which yields the standardized mean outcome (e.g., risk)), 

underexposure regimens of interest (e.g., always treat and never treat) by averaging 

the confounder specific mean outcomes under that regimen over the joint distribution 

of confounders across the entire follow-up [83,84]. Moreover, these methods' 

computation is more complex with longitudinal exposure and may not fit with all 

types of data.[85]   
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G estimation is a two-step procedure that uses two models to estimate the causal effect 

[77]. The first is a causal model that includes the causal variable of interest and links 

the counterfactual outcome under no exposure during the follow-up (i.e., the outcome 

that would have been observed under no exposure during the follow-up) to the 

weighted sum of time spent in a given exposure status [44,77]. The second is a logistic 

regression for predicting exposure at each visit/timepoint based on the previous 

exposure and covariate histories and the counterfactual outcome[44,86]. However, it 

is rarely used in practice, due to a lack of off-the-shelf software [44].  

On the contrary, IPTW for MSM estimation is by far the most popular method because, 

though complex, it appears much simpler than the other two alternative estimation 

methods [87] and the IPTW method relies on correct exposure model specification like 

binomial, continuous, Poisson distribution. IPTW for MSM is not widely used in 

health service research but is more frequently seen in epidemiological research. 

However, the IPTW estimator is applicable for capacity utilization exposure with 

binomial or continuous distribution and MSM is flexible for a binary outcome like in-

hospital mortality for adjusting for both time-varying and time-fix covariates. 

     

1.6 Research gaps and rationale of this dissertation 

Patients admitted to the hospital desire safe care and treatment without harm. 

However, the hospital’s workplace conditions, human errors, and unsafe acts 

alongside disease severity and comorbidities of patients serve as contributing factors 

for negative outcomes like mortality in hospitals. The structure, size, and capacity 

utilization pattern of the hospitals, which are hidden parts of the iceberg model 

sometimes play a role in in-hospital mortality and are less often measured. Moreover, 

several conditions of patient severity, capacity utilization of the hospitals, and 

individual factors collectively influence in-hospital mortality. Three research gaps 

have been identified in the literature and build the basis of this dissertation.  

Firstly, some of the studies have been conducted in attempts to describe care demands 

in hospitals in terms of bed occupancy and patient turnover as headcount measures. 

These measures were concentrated on monthly or yearly aggregation for a single 

hospital or some hospital departments. Moreover, daily headcounts of patients in 

hospitals have seldom being investigated along with the clinical complexity (severity) 
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of patients in a longitudinal perspective. Describing care demand in both headcount 

and severity, longitudinally for a year utilizing all national general hospital data 

would reflect the variation of the healthcare system of Swiss hospitals. Performing 

such assessments can support healthcare hospital managers, healthcare planners, and 

policymakers in better observing daily care demand dynamics (e.g., variations by day 

of the week, weekend vs weekdays, seasons, and holidays) to identify and monitor 

likely work pressure within hospitals. 

Secondly, as the notion of the complex patient, comorbidity plays a vital role in 

hospitals utilizing more resources and time for care and it’s a strong predictor of in-

hospital mortality. However, there is no uniformity in measuring comorbidity indices 

to predict in-hospital mortality in terms of methods and comorbidity weights of the 

inpatient population. Utilizing a nationwide inpatient multi-year dataset of Swiss 

hospitals provides the opportunity in deriving new comorbidity weights with 

improved predictive performance over the existing and most popular comorbidity 

weightings. The population-based comorbidity weights could be an optimized 

weighting system for considering comorbidities for researchers and health service 

planners for population-based analysis of health outcomes.  

Thirdly, some of the studies have shown the association between capacity utilization 

and in-hospital mortality but were inadequate to demonstrate a causal link between 

them. Causal inference in observational studies highlights the importance of 

considering exposure of high capacity utilization to cause in-hospital mortality. A 

longitudinal study on care demand factors is pivotal to gain an understanding of the 

nature of time-varying exposures and confounders. Moreover, individual covariates 

like comorbidity weighting scores are important predictors influencing both exposure 

and outcome for risk adjustment causal models. The exposure (treatment) strategy of 

capacity utilization across different hospitals and its causal effect might provide 

possible safety tipping points in hospitals.  To our knowledge, no observational study 

to investigate causal inference of capacity utilization and in-hospital mortality with 

time-varying variables has been conducted.  

Finally, this study will contribute to the understanding of the hospital's system 

exploring care demand factors. Moreover, in Swiss hospitals, care demand with 

capacity utilization and disease severity is linked with staffing/resources to reduce 
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the cost and increase efficiency as a rationale to support Swiss DRG. Thus, hospital-

level factors including patient’s complexities could be the causes of patient’s negative 

health outcomes and in-hospital mortality, which needs appropriate tools and 

methods like, causal inference to adjust and justify the relationships. Further, it will 

extend the knowledge for effective utilization of routine hospital data to identify work 

pressure in hospitals via tipping points analysis and causality in the observation 

study.  
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This dissertation is embedded in the INVEST (Investigating Safety tipping points in 

Swiss hospitals) study.  The INVEST study was conducted with the routine data of all 

Swiss hospitals from 2012 to 2017 obtained from the Federal Statistics Office (FSO) of 

Switzerland in August 2019. FSO data consist of inpatients' clinical and administrative 

data, hospital resources, and staffing data from acute care hospitals and special care 

(e.g., Paediatric, gynecological, surgical, pediatrics, etc.) facilities. This dissertation 

used inpatient data from acute care (general) hospitals to maintain a homogenous 

study population. The data was obtained after the approval of our application, subject 

to a data protection contract (as stipulated by article 22 of the Swiss Federal Act on 

Data Protection) and the FSO provided anonymized administrative and clinical data 

from all Swiss hospital inpatient cases. Altogether there were 8.84 million inpatients 

cases for six years for our study. For the specific study, data were further selected by 

the years of discharge for the analysis and applied the exclusion criteria where 

necessary.  

Given the research gaps, this dissertation has three aims: 

 

1. To investigate the longitudinal variation of daily care demand in general 

hospitals for three measures: 1) capacity utilization; 2) patient turnover; and 

3) patient clinical complexity level (PCCL) (Chapter 3) 

 

2. To validate and compare a set of new Swiss Elixhauser comorbidity 

weightings against the Charlson and Elixhauser-based van Walraven weights 

in an adult in-patient population-based cohort of general hospitals (Chapter 

4) 

 

3. To explore time-varying covariates, i.e., capacity utilization, patient turnover 

and clinical complexities and individual variables through directed acyclic 

graphs (DAGs) and to estimate the causal effect of capacity utilization on in-

hospital mortality (Chapter 5) 
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3.1 Abstract 

Background: Variations in hospitals care demand relies not only on the patient’s 

volume but also on the disease severity. Understanding both daily severity and 

patients’ volume in hospitals could help to identify pressure zones in hospitals for 

better hospital capacity planning and policymaking.    

Objective: This longitudinal study explores daily care demand dynamics in Swiss 

general hospitals for three measures: 1) capacity utilization; 2) patient turnover; and 

3) patient clinical complexity level (PCCL). 

Methods: A retrospective population-based analysis was conducted with one-year 

routine data of 1.2 million inpatients from 102 Swiss general hospitals. Capacity 

utilization was measured as a percentage of the daily maximum number of inpatients. 

Patient turnover was measured as a percentage of the daily sum of admissions and 

discharges per hospital. PCCL was measured as the average daily patient disease 

severity per hospital from the clinical complexity algorithm. 

Results: There was a pronounced variability of care demand in Swiss general 

hospitals. The average daily capacity utilization ranged between 57.8% (95% CI 57.3–

58.4) and 87.7% (95% CI 87.3–88), patient turnover ranged from 22.5% (95% CI 22.1–

22.8) to 34.5% (95% CI 34.3–34.7) and mean PCCL from 1.26 (95% CI 1.25–1.27) to 2.06 

(95% CI 2.05–2.07) among hospitals. Moreover, both within and between hospitals, all 

three measures varied distinctly between days, between days of the week, between 

weekdays and weekends, and between seasons. 

Conclusions: While admissions and discharges drive capacity utilization and patient 

turnover variation, disease severity of each patient drives PCCL. Monitoring—and if 

possible, anticipating—daily care demand fluctuations is key to managing hospital 

pressure zones. This study provides a pathway for identifying patients’ daily 

exposure to strained hospital systems for a time-varying causal model. 

Keywords: inpatient population; routine data; general hospitals, capacity utilization; 

clinical complexity 

 

 

 

 



Variation of daily care demand in Swiss general hospitals 

 39 

3.2 Introduction 
Hospitals are constantly challenged by changing patient care demands. If this 

outweighs available resources, it can affect the quality of care and patient safety [1]. 

Demand factors include daily patient volume, turnover and clinical complexity of 

patients requiring diagnoses and therapies [1,2]. Responding to variations in any of 

these factors hospitals adjust their resource supplies, e.g., by changing shift-level 

staffing or resources, for each day, between workdays and weekends, for different 

seasons and throughout the year [3,4]. 

Capacity utilization, which is based on the number of beds occupied vs those available 

[5], offers one perspective to view hospital care demand [2,6,7]. Over recent decades, 

most healthcare systems’ capacity utilization has increased, while total numbers of 

available beds have decreased [3,8]. This trend mainly reflects policies to reduce 

health care costs and to increase efficiency, e.g., by the use of Diagnostic Related 

Groups (DRGs) [8,9].  

If capacity utilization is too high (e.g., above 80% or 85%), it might overburden 

healthcare systems and their workforces [10,11], possibly leading to adverse patient 

outcomes such as infections or even death [5,12,13]. Capacity utilization is high—

exceeding 90%—in Canada, Israel and Ireland, followed by the UK, Norway and 

Switzerland, all of which report figures above 80% [14]. Within a country, capacity 

utilization also varies between hospital types, geographic regions and populations 

served [6,15]. In Switzerland, the most recent annual capacity utilization figures for 

acute care hospitals were between 70% and 82% [16,17].  

As noted above, care demand also relies on patient turnover and patient complexity 

[18]. Patient turnover refers to admission and discharge or transfer of patients 

between units or hospitals [19] requiring resources [20]. "Census variability,” “churn” 

or “environmental turbulence” cover the same or similar concepts [21]. Patient 

complexity refers to the severity/complexity of each patient’s clinical needs. For 

instance, patients admitted to the ICU generally require more resources than those on 

a general ward, representing a resource-intensive caseload.  

Disease severity is commonly measured via the Charlson/Elixhauser comorbidity or 

case-mix index; however, this does not include all relevant clinical conditions or 

morbidities, and its interpretation is commonly influenced by reimbursement policies 
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or cost of medication/treatment [22-24]. One alternative measure is the patient clinical 

complexity level (PCCL). As part of the German (G-)DRG system, PCCL reflects upon 

not only complications and co-morbidities, but their levels of clinical severity on a 5-

point scale (i.e., 0-4; no, mild, moderate, severe, and very severe clinical complexity) 

[25]. A complex algorithm, depending on primary and secondary diagnoses and 

estimated severities allows to determine their cumulative effect per treatment episode 

[22,26,27]. A higher PCCL indicates a more complex and resource-intensive caseload.  

As capacity utilization, patient turnover, and PCCL offer necessary perspectives on 

hospital care demand, all three are vital to optimal resource allocation [28]. All three 

are also connected, for instance complex patients usually stay longer in hospitals 

increasing capacity utilization. Furthermore, with each transfer or referring another 

hospital additional load is created as patients need to be assessed at admission or be 

prepared for discharge [21]. Understanding these factors’ daily variation is a vital step 

towards optimizing healthcare structures and processes [29]. Regarding the daily 

variability of care demand, analysis of long-term data can help to anticipate when 

staffs or supplies will be depleted or strained, thereby indicating when and where to 

allocate resources. Particularly, the traditional measures of capacity utilization (e.g., 

midnight count [29,30]) and patient turnover (e.g., the inverse of the length of hospital 

stay [31,32]) may not convey the dynamic nature of actual daytime hospital care 

demands [33]; certainly, neither incorporates patient complexity/severity.  

Also, the valid, highly granular longitudinal (daily/weekly) measurement of care 

demands offers a precise and in-depth view of how care needs fluctuate and evolve. 

As capacity utilization, patient turnover, and PCCL are time-sensitive variables, the 

three together offer great potential to accurately represent daily care demand 

dynamics. Such information should enable healthcare managers to anticipate capacity 

needs to accommodate patients during a typical weekday, weekend and seasonal 

peaks [3]. 

Therefore, this study aims to describe the daily care demand in general hospitals from 

a longitudinal perspective—specifically, the daily peaks and variations during weeks, 

i.e., weekends vs weekdays, as well as seasons. This study describes the daily 

variability of 1) capacity utilization; 2) patient turnover; and 3) patient clinical 

complexity levels of Swiss general hospitals’ inpatient populations.  
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3.3 Methods 
Study design, setting and population 

This is a retrospective population-based analysis utilizing one-year hospital data 

extracted from the six years (2012–2017) dataset obtained from the Swiss Federal 

Statistics Office (FSO). Based on a data protection contract (as stipulated by article 22 

of the Swiss Federal Act on Data Protection), the FSO provided anonymized data from 

all Swiss hospital inpatients hospitalized over the study period. The data covered 

general as well as specialized care facilities such as pediatric, gynecological, 

psychiatric and rehabilitative hospitals [34]. The FSO divides general hospitals into 

five classifications: university hospitals, tertiary care hospitals, large basic hospitals, 

medium basic hospitals and small basic hospitals. Classification is based on the 

number of cases treated per year and/or a weighted sum of service points (based on 

a combination of the number of hospital units and the levels of care delivered) 

assigned by the Swiss Medical Association (SMA) [17,34]. For instance, based on the 

SMA classification, a university hospital requires the weighted sum of service points 

(units) >100 and >30,000 cases per year [34]. For this study, we included a one-year 

patient population dataset from general hospitals to limit inter-hospital heterogeneity. 

Due to the Swiss Data Protection Act’s stipulations regarding patient anonymity, we 

were unable to trace patients across years. An overview of the process of selecting 

inpatient cases for analysis is included in the flow diagram in Figure 1.  
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Figure 1. Flow diagram of inpatient cases for the analysis. 

 

Dataset and study variables  

We extracted one-year datasets including 1) all inpatients discharged during each 

study year, regardless of admission date, and 2) all inpatients admitted during each 

study year, regardless of discharge date. From the full FSO hospital dataset, we also 

extracted data for all relevant routine administrative and clinical variables for the 

study period (Multimedia Appendix 1).  

 

Statistical analyses 

All statistical analyses were conducted using R, version 3.6.3 for Mac OS [35]. The 

following statistical packages were used: 1) dplyr [36], tidyr [37] for data preparation; 

2) lubridate [38] and stringr [39] for handling time and date; and 3) ggplot2 [40], 

patchwork [41] and scales [42] for plotting. 

Descriptive overview 

For each hospital type, in addition to the number of hospitals, the total numbers of 

patients, admissions and discharges were recorded by gender in frequencies and 

Participants and settings Swiss national inpatient dataset for a year (2012-2017) 
 
 
 
 
 
 
 
             Keep all general hospitals    All special hospitals 
      (253,370) 
      - psychiatric   
      - Rehabilitation 

- Other special clinics (Pediatric, 
gynecology, surgical etc.)  

 
 
 

            Discharged inpatients 
during a study year   

Total inpatients by hospital  
type during a study year 
 
 

 
             

 
 

     
    
     

    
 
 

General hospitals 
(hospital types) 

Number of 
hospitals 

Inpatients 

University Hospitals 5 236,649 
Tertiary care hospitals 39 725,317 
Large basic hospitals 15 110,638 
Medium basic hospitals 27 124,579 
Small basic hospitals 16 17,692 

Total national inpatient cases for a 
year in Switzerland (281 hospitals) 

N = 1,468,245 

1,214,875 inpatient cases 
(102 hospitals) 

1,198,496 
inpatient cases  
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percentages. Lengths of stay (LOSs) in days were calculated for all patients by 

subtracting each individual’s admission date from their discharge date. The results 

were aggregated at the level of the hospital type and presented as means (with 95% 

confidence interval (CI)) and medians (with interquartile ranges (IQRs)) for each type. 

Capacity utilization measure 

For each hospital, each study day’s capacity utilization was calculated as a percentage, 

using that hospital’s highest recorded daily bed occupancy for that year as the 

denominator [5,9]. Each patient’s admission and discharge dates were used to 

calculate the number of patients present each day in each hospital. The capacity 

utilization of a day in a given hospital included all patients admitted or discharged on 

that day and the number who were present the previous day and not discharged or 

deceased. As noted above patients admitted before the study year (e.g., in December 

of the previous year) were included in the study until their discharge. Patients not 

discharged during the study year were included until the end of the study year. Total 

capacity utilization was calculated for each hospital (n=102) for 365 days (with a total 

of 37,230 -time points).  

Furthermore, daily percentages of capacity utilization were summarized by hospital 

type, along with a mean (95% CI), standard deviation (SD) and minimum-maximum 

(Min-Max). To visualize daily variations in capacity utilization, smoothed lines were 

plotted with the CI around the mean for each hospital type. For each hospital type, we 

also plotted graphs to show variation by day of the week. Finally, for each hospital 

type, weekday vs. weekend variations was plotted for each week of the year. There 

was no dot plotted for weekdays of the first week, as the first day of the study year 

was the weekend (Sunday).      

Patient turnover measure 

As done for capacity utilization, daily patient turnover was calculated for each 

hospital and aggregated by hospital type. The patient turnover rate was calculated as 

absolute counts of admissions, discharges and deceased patients for a particular day 

divided by the total of patients for that day per hospital [21]. As opposed to using the 

inverse of the average LOS method, this approach has the advantage of adequately 

representing the volume of activity either for entire days or short hospital stays as 

contributors to increasing patient throughput [19,21,43].   
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The percentage of patient turnover per day was calculated and further summarized 

by hospital type as mean (95% CI), SD and Min-Max figures. To display daily 

variations in patient turnover, similar displays were plotted for them as for capacity 

utilization.  

Patient clinical complexity level (PCCL) 

Our PCCL data covers only patients discharged during the study year (as the ICD-10 

codes are not available for patients until they are discharged) and Swiss DRG version 

6 was applied for that study year [44]. The PCCL calculation is based on a complex 

algorithm, providing clinical complexities and comorbidity levels (CCLs) values (0-4) 

for all possible primary and secondary diagnoses per patient case [26]. Developed as 

part of the CCL Refinement Project in Australia [26,27,45], this algorithm was applied 

to determine each patient’s final PCCL. To facilitate this process, we used the 

grouping system provided by SwissDRG AG [44].  

We began by organizing our data input into a readable format via the grouping 

system. We chose the “SwissDRG Batchgrouper Format 2017” short input format, 

which provides an anonymous case identifier, plus the patient’s age, sex, admission 

and discharge date, LOS, primary and secondary diagnoses and treatment procedure 

codes. “DRG Output format for SwissDRG” results were then obtained, including 

PCCL values for each case. Individual PCCL values were further transformed to 

average daily PCCL value per hospital using each patient’s admission and discharge 

dates (i.e., each case’s PCCL value is applied to each day for that hospital until 

discharge). Daily PCCL values were further summarized by hospital type as means 

(95% CI), SDs and Max-Min figures. As for the other two measures, similar displays 

were plotted to display daily PCCL variation.  

 

3.4 Results 
Descriptive overview 

During the study year, 1,214,875 inpatients stayed in the 102 Swiss general hospitals, 

of which 16,379 cases continued to the following year. The five university hospitals 

covered 20%, the 39 tertiary care hospitals covered 60% and the 58 basic hospitals 

covered 20% of the patient population. Overall, there were roughly 7% more female 

than male patients. The average patient LOS across all general hospitals was 6.43 (95% 
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CI 6.40–6.46) days; the median LOS was 3.7 (IQR: 2.0–7.0) days. The general 

characteristics of the study population by hospital type are presented in Multimedia 

Appendix 1. 

Variation of daily capacity utilization 

Average daily capacity utilization of the university hospitals ranged from 527–2,340 

patients, of tertiary care hospitals from 87–1099 patients, of large basic hospitals from 

16–304 patients, of medium basic hospitals from 7–179 patients, and of small basic 

hospitals from 1–93 patients. Notably, three small basic hospitals had average daily 

capacity utilization numbers below 10 patients.    

Across the study period, the average daily capacity utilization was highest in 

university hospitals and the lowest in small basic hospitals (Table 1). However, the 

range, i.e., variation between the lowest- and highest-capacity utilizations for each 

year, was almost 98% (e.g., 1.7–100) for small basic hospitals, 92% for medium basic 

hospitals, 87% for large basic hospitals, 73% for tertiary care hospitals and 44% for 

university hospitals.  

Table 1. Daily capacity utilization, patient turnover and patient clinical complexity 
level per hospital-by-hospital type from the one-year patient population 
 

aMedian: Median number of beds utilized per day per hospital-by-hospital type.  

Hospital 
Type 
(Mediana) 

Capacity utilization (%) Patient turnovere (%) 
 

Patient clinical complexity 
level (0-4f) 

 Mean  
(95% CIb) 

SDc Min–
Maxd 

Mean   
(95% CI) 

SD Min–Max Mean  
(95% CI) 

SD Min–Max 

University 
Hospitals 
(988) 

87.7  
(87.3–88) 

7.7 55.8–100 22.5 
(22.1–22.8) 

7.6 5.7–38.7 2.06  
(2.05–2.07) 

0.2 0.81–2.57 

Tertiary 
care 
hospitals 
(298) 

78.7  
(78.5–78.9) 

10.2 27.3–100 28.8  
(28.6–28.9) 

7.5 2.7–54.6 1.78  
(1.78–1.79) 

0.3 0.42–2.75 

Large 
basic 
hospitals 
(120) 

71.3  
(70.9–71.6) 

13.4 13.1–100 32.6  
(32.4–32.9) 

9.2 0–75.4 1.46  
(1.45–1.47) 

0.4 0.09–2.50 

Medium 
basic 
hospitals 
(71) 

65.3  
(65–65.6) 

15.2 5.9–100 34.5  
(34.3–34.7) 

10.7 0–109.1 1.26  
(1.25–1.27) 

0.6 0.00–2.93 

Small 
basic 
hospitals 
(19) 

57.8  
(57.3–58.4) 

22.2 1.7–100 24.3  
(23.8–24.9) 

22.0 0–200 1.65  
(1.63–1.67) 

0.8 0.00–4.00 
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bCI: Confidence Interval. 
cSD: Standard deviation. 
dMin-Max: Minimum-Maximum value on hospital level within hospital type.  
ePatient turnover is the percentage of total patients admitted and discharged in a 
day. 
f0–4: No clinical complexity, Mild clinical complexity, Severe clinical complexity, 
Very severe clinical complexity. 
 
As indicated in the smooth curves and line charts by hospital categories, university 

hospitals’ daily capacity utilization was high throughout the year. Among all hospital 

types, capacity utilization was lower through the summer months (June–August) 

(Figure 2).  

 
Figure 2. Daily capacity utilization of Swiss general hospital types for one year 
(smooth curve with mean between CIs and line chart) 
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There was a gradual increase in capacity utilization through the early days of the week 

(Mondays–Wednesdays, Figure 3) followed by the gradual decrease from Fridays to 

Sundays across all hospital types. There was a roughly 10% difference in capacity 

utilization during weekdays than at the weekend in all hospital types. (Table 2). 

 

 
 

Figure 3. Capacity utilization of Swiss general hospital types with mid-CI mean by 
days of the week  
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Table 2. Daily capacity utilization, patient turnover and patient clinical complexity 
level by weekday vs weekend from the one-year patient population 
 

aCI: Confidence Interval.  
bSD: Standard deviation. 
cMin-Max: Minimum-Maximum. 
d0–4: No clinical complexity, Mild clinical complexity, Severe clinical complexity, 
Very severe clinical complexity. 

Hospital 
Types 

Capacity utilization (%) Patient turnover (%) 
 

Patient clinical complexity 
level (0-4d) 

Days Mean 
(95% CIa) 

SDb Min–Maxc Mean  
(95% CI) 

SD Min–Max Mean  
(95% CI) 

SD Min–
Max 

University Hospitals 

Weekda
y 

90.8  
(89.8–91.9) 

3.8 72.8–96.2 25.5  
(25.1–25.9) 

1.4 16.6–26.6 2.04  
(2.03–2.05) 

0.21 1.22–2.57 

Weeken
d 

79.8  
(78.9–80.6) 

3.0 69.1–85.0 14.8  
(14.6–15.1) 

0.8 10.5–17.6 2.1  
(2.08–2.13) 

0.27 0.81–2.55 

Tertiary care hospitals 

Weekda
y 

81.7  
(80.1–83.3) 

5.6 63.5–92.1 31.9  
(31.4–32.3) 

1.6 22.2–33.2 1.76  
(1.75–1.77) 

0.28 0.84–2.69 

Weeken
d 

71.2  
(69.9–72.4) 

4.5 61.6–80.9 21.1  
(20.8–21.4) 

1.1 14.4–24.3 1.83  
(1.82–1.84) 

0.30 0.42–2.75 

Large basic hospitals 

Weekda
y 

74.6  
(72.5–76.6) 

7.4 49.6–86.8 35.9  
(35.4–36.4) 

1.9 25.2–37.9 1.44  
(1.42–1.45) 

0.38 0.14–2.25 

Weeken
d 

63  
(61.4–64.6) 

5.9 46.5–74.4 24.4  
(23.9–24.8) 

1.6 16.7–29.5 1.52  
(1.5–1.54) 

0.38 0.09–2.5 

Medium basic hospitals 

Weekda
y 

68.4  
(66.4–70.3) 

7.0 45.8–82.0 37.1  
(36.8–37.5) 

1.3 31.2–39.3 1.24  
(1.22–1.25) 

0.54 0.05–2.79 

Weeken
d 

57.6  
(56.1–59.1) 

5.5 44.5–70.0 27.8  
(27.4–28.3) 

1.7 24–34.6 1.31  
(1.29–1.33) 

0.57 0.00–2.93 

Small basic hospitals 

Weekda
y 

60  
(58.3–61.6) 

5.9 44.6–74.1 27  
(26.3–27.6) 

2.4 22.2–31.7 1.63  
(1.6–1.65) 

0.80 0.00–4.00 

Weeken
d 

52.2  
(50.8–53.7) 

5.3 41.4–65.7 18  
(16.9–19.1) 

4.0 11.3–28.8 1.69  
(1.65–1.73) 

0.81 0.00–4.00 
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Figure 4. Capacity utilization of Swiss general hospital types with mean between CI 
by weekdays and weekend for a year 
 

Comparing weekdays with weekends, variations in capacity utilization for each week 

are shown in Figure 4. With very few exceptions (e.g., the 2nd, the 17th, and the final 
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week of the year), the weekly capacity utilization for weekdays was higher than for 

weekends. These weekly graphs also show lower capacity utilization during the 

summer months (weeks 20–35).  

Variation of daily patient turnover 

Throughout the year, daily patient turnover ranged from 72–468 patients for 

university hospitals, from 5–318 patients for tertiary care hospitals, from 0–91 patients 

for large basic hospitals, from 0–78 patients for medium basic hospitals, and from 0–

33 patients for small basic hospitals. As the minimum value of zero indicates, some 

hospitals saw neither admissions nor discharges for some days.  

During the study year, the mean daily patient turnover percentage was highest in 

medium-sized basic hospitals and lowest in university hospitals (Table 1). The 

difference in daily patient turnover range was highest for small basic hospitals, 

reducing with each increase in hospital size class. And as illustrated in the smoothed 

and line chart, daily turnover varied least in university hospitals and most in medium 

basic hospitals (Multimedia Appendix 2).  

Exploring the frequency of change in patient movement by day of the week 

(Multimedia Appendix 2), we found that turnover was highest on Mondays and 

lowest during weekends. Differences in patient turnover during weekdays and 

weekends across five hospital types are shown in table 2. Across the five hospital 

types, daily patient turnover was almost 10% higher on weekdays than on weekends.   

The variation of patient turnover for each day of the week and by weekdays vs 

weekends is shown in Multimedia Appendix 2. In small basic hospitals, with few 

exceptions (e.g., the 31st and 52nd weeks), the mean daily patient turnover was higher 

for weekdays than for weekends in all hospital type. Overall patient turnover was 

lower during holiday seasons (weeks 17–18 and the final two weeks of the year).  

Variation of daily patient clinical complexity level 

Overall, while eleven percent of patients had severe clinical complexity (PCCL level 

4), roughly 61% had none (PCCL level 0) (Table 3).  

 

 

Table 3. Patient clinical complexity level by hospital types 
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Throughout the year, mean daily PCCL varied across the five-hospital types. It was 

highest in university hospitals (2.06 (95% CI 2.05–2.07)) and lowest in medium basic 

hospitals (1.26 (95% CI 1.25–1.27)) (Table 1). This is depicted in the smooth and line 

chart for five general hospital types (Multimedia Appendix 3). Mean PCCL gradually 

decreased from Monday until mid-week but remained highest during the weekend—

the opposite of the usual pattern of capacity utilization and patient turnover explored 

by the days of the week (Multimedia Appendix 3).  

Weekday/weekend differences in PCCL for the five general hospital types is shown 

in Table 2. Across all hospital types, PCCL was almost 0.07 points higher during the 

weekend than on weekdays. During weekdays, university hospitals’ average daily 

PCCL was 2.04 (95% CI 2.03–2.05); during the weekend it was 2.1 (95% CI 2.08–2.13). 

Weekday vs weekend PCCL variation over one year is shown in Multimedia 

Appendix 3. Except for a small number of weeks (e.g., the 7th and the 31st weeks in 

small basic hospitals), across all hospital types, the PCCL for weekends was higher 

than for weekdays. Moreover, except for small basic hospitals, PCCL dropped in 

December. This was partly because PCCLs could only be calculated for patients 

discharged during the study year, i.e., ICD diagnostic codes were unavailable for 

patients not discharged during the year, and anonymity considerations made it 

impossible to track patients across years. However, mean values both for PCCL and 

Patient clinical complexity level (0–4) n (%) 

Hospital 
Type 

No clinical 
complexity (0) 

Mild clinical 
complexity 
(1) 

Moderate 
clinical 
complexity (2) 

Severe clinical 
complexity (3) 

Very severe 
clinical 
complexity (4) 

University 
Hospitals 

122,567 (52.8) 3,281 (1.4) 28,812 (12.4) 41,159 (17.7) 36,308 (15.6) 

Tertiary 
care 
hospitals 

433,514 (60.6) 11,003 (1.5) 83,374 (11.6) 110,756 (15.5) 77,162 (10.8) 

Large 
basic 
hospitals 

73,800 (67.4) 1,397 (1.3) 10,801 (9.9) 14,590 (13.3) 8,984 (8.2) 

Medium 
basic 
hospitals 

90,284 (73.1) 1,679 (1.4) 11,237 (9.1) 12,865 (10.4) 7,465 (6.0) 

Small basic 
hospitals 

10,728 (61.5) 219 (1.3) 2,229 (12.8) 2,759 (15.8) 1,523 (8.7) 

Total 730,893 (61.0) 17,579 (1.5) 136,453 (11.4) 182,129 (15.2) 131,442 (11.0) 
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for LOS were also lower for patients discharged in November and December, with 

higher PCCL values assigned to patients who remained in hospital across the year-

end (Multimedia Appendix 4).  

 

3.5 Discussion 
We examined one-year routine patient data from all 102 general hospitals in 

Switzerland. Average daily capacity utilization varied widely, from 57.8% in small 

basic hospitals to 87.7% in university hospitals. However, patient turnover was 

highest, at 34.5%, in medium basic hospitals and lowest, at 22.5%, in university 

hospitals. Moreover, average daily PCCL was highest in university hospitals, with 

2.06, and lowest in medium basic hospitals, with 1.26. Surprisingly, in small basic 

hospitals, patient turnover was lower than in tertiary and either of the two other basic 

hospital types, both of which also had higher mean PCCLs throughout the year. 

Another interesting finding was that the average daily PCCL was highest on 

weekends. Additionally, all hospital types showed distinct weekday, weekend, and 

seasonal effects regarding capacity utilization, patient turnover and PCCL.   

Concerns have been raised that capacity utilization alone does not explain hospitals’ 

total care demand [6,18]. Therefore, we viewed this alongside daily volumes of 

admitted and discharged patients and their complexity [18]. This study explored all 

three measures, showing that capacity utilization and PCCL were highest but patient 

turnover lowest in university hospitals. Even with a large proportion of inpatients in 

tertiary care institutions, university hospitals generally operate at close to full capacity 

and with the most complex patient cases. Thus, more care resources need to be 

allocated to university hospitals [3]. On the other hand, in small basic hospitals, where 

capacity utilization and patient turnover were relatively low, PCCL was above those 

of the other basic hospitals. This indicates that complex cases are still treated in small 

basic hospitals, possibly due to geographic proximity, which may also relate to older 

patients’ preference for them: across all hospital types, these hospitals have the highest 

mean patient age. In light of these small basic hospitals’ continued relevance (as they 

still treat complex cases), they may warrant greater resource allocation.  

We measured daily demand for Swiss general hospital care longitudinally for one 

year. This has also been observed in other studies regarding days of the week and for 
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Saturdays and Sundays, where both capacity utilization and patient turnover were 

lowest [3,46]. Moreover, we observed that PCCL was highest during weekends, 

possibly because more complex patients remain in the hospital through the weekend. 

Comparing weekly demand throughout the year, a clear distinction between 

weekends and weekdays was shown, with the highest variability occurring in small 

basic hospitals, possibly indicating suboptimal patient flow. Concurrently, seasonal 

variations were also seen. Capacity utilization was mainly highest in winter and 

relatively low during summer months, whereas patient turnover was constant 

throughout the year dropping towards the end of the year. However, PCCL remained 

quite constant, with a slight drop during the summer months and a marked reduction 

during December. These changes tended to correspond with holidays, possibly 

including higher patient discharge rates and fewer admissions before the holidays and 

at the end of the year. The capture of daily patient complexity during the end of the 

year was also reduced because ICD-10 codes were unavailable for patients who were 

admitted but not discharged during the study year. Furthermore, patients with higher 

PCCLs were more likely to have longer LOSs, particularly across the Christmas/year-

end period.  

Potential implications  

Based on capacity utilization, patient turnover and PCCL, the variability of daily care 

demand in general hospitals directly impacts resource utilization. From the 

perspective of a single hospital, the extent of that impact depends on the degree of 

variation in care need, as well as on the hospital administrators’ ability to adapt or 

otherwise respond to changes either in resource supply or demand. Our analysis on 

the demand dynamics of the Swiss healthcare system indicate that monitoring of care 

demand is useful to create surge capacity during disasters or COVID-19 [20] pandemic 

by alternative solutions like, smoothing workloads and coordinated early discharge. 

It also has the potential to help health system planners and hospital managers tailor 

their staffing and other resources to match care demand and the early planning of the 

admissions  (e.g., surgeries or follow-up treatment) [47] to control patient’s flow. 

What the analysis cannot describe is the human and other resources needed to meet 

care demand i.e., balancing it or any other supply-demand chain. To do so would 

require a full exploration of the relevant human resources (e.g., physician and nurse 
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staffing) in the light of each hospital’s care demand. Furthermore, application of time-

driven activity-based costing (TDABC) methods could provide a framework to 

identify process improvements for healthcare delivery [48,49]. However, we were not 

able to consider TDABC as we don’t have sufficient data regarding resources 

consumption (personnel, equipment and supplies)  during the patients’ journey  along 

the clinical pathway [48].  

Some studies have linked high capacity utilization and patient turnover with adverse 

patient outcomes [5,21]. In addition to these results, acknowledging the effect of 

clinical complexity alongside capacity utilization and patient turnover might bring us 

closer to understanding the factors that stress hospital systems, and the effects a 

stressed system has on patient outcomes such as in-hospital mortality. Describing 

daily care demand to identify meaningful variation will require further studies, e.g., 

examining patients’ time-varying exposure to hospitals or units under pressure and 

the impact on the quality-of-care indicators/patient outcomes in causal models. 

Particularly, extending previous research on capacity utilization and in-hospital 

mortality [5,50], using daily capacity utilization as time-varying exposure (systemic 

stress factor); daily patient turnover and PCCL as time-varying confounders would 

be of interest. In a practical sense, this might also allow monitoring of pressure zones 

(e.g., to manage care demand where possible) in hospitals, which could reduce 

avoidable adverse events or death [5].     

Strength and limitations  

To our knowledge, this is the first study to explore hospital care demand dynamics 

via daily measurements of capacity utilization, patient turnover, and PCCL on a 

national health system level. Furthermore, applying the standard methodology, 

programming, and software for large datasets allowed computing and visualization 

of demand dynamics per day, day of the week, and weekdays versus weekends to 

gain a longitudinal perspective. 

This study also has notable limitations. While we explored demand dynamics in 

detail, we could not do so with supply dynamics (e.g., staffing, resources)—an entire 

category of critical information in the demand-supply equation. Due to the large 

sample and FSO data composition (aggregated data), it was also not possible to 

explore demand dynamics at the unit level–the interface between patients’ care 
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demand and health professionals’ provision of care. Also, as we used codes assigned 

in routine data, the patient diagnoses and other variables could be biased by factors, 

such as the accuracy of physicians’ and nurses’ documentation, ICD-10 codes not 

available for patients who were not discharged, and intentional upcoding of 

diagnoses to more expensive Swiss DRG categories [51,52].   

3.6 Conclusions 

This study illustrates daily care demand based on capacity utilization, patient 

turnover and PCCL and its variability between the five classes of Swiss general 

hospitals. For all five types, our analyses indicated distinct differences in capacity 

utilization, patient turnover and PCCL between days of the week, weekdays versus 

weekends and seasons. This longitudinal study is a step towards detecting possible 

variables to be considered for time-varying exposure (e.g., capacity utilization) and 

confounders (e.g., PCCL) in developing a casual model of tipping points and their 

links with quality of care or patient outcomes. Essentially, the variability of care 

demand provides a new perspective for gauging when hospitals are under strain and 

could help avoid pressure zones with a combination of appropriate resource 

allocation and care demand planning in general hospitals. 
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4.1 Abstract  
 
Background: Understanding how comorbidity measures contribute to patient 

mortality is essential both to describe patient health status and to adjust for risks and 

potential confounding. The Charlson and Elixhauser comorbidity indices are well-

established for risk adjustment and mortality prediction. Still, a different set of 

comorbidity weights might improve the prediction of in-hospital mortality. The 

present study, therefore, aimed to derive a set of new Swiss Elixhauser comorbidity 

weightings, to validate and compare them against those of the Charlson and 

Elixhauser-based van Walraven weights in an adult in-patient population-based 

cohort of general hospitals.  

Methods: Retrospective analysis was conducted with routine data of 102 Swiss 

general hospitals (2012–2017) for 6.09 million inpatient cases. To derive the Swiss 

weightings for the Elixhauser comorbidity index, we randomly halved the inpatient 

data and validated the results of part 1 alongside the established weighting systems 

in part 2, to predict in-hospital mortality. Charlson and van Walraven weights were 

applied to Charlson and Elixhauser comorbidity indices. Derivation and validation of 

weightings were conducted with generalized additive models adjusted for age, 

gender and hospital types.  

Results: Overall, the Elixhauser indices, c-statistic with Swiss weights (0.867, 95% CI: 

0.865–0.868) and van Walraven’s weights (0.863, 95% CI: 0.862-0.864) had substantial 

advantage over Charlson’s weights (0.850, 95% CI: 0.849–0.851) and in the derivation 

and validation groups. The net reclassification improvement of new Swiss weights 

improved the predictive performance by 1.6% on the Elixhauser-van Walraven and 

4.9% on the Charlson weights. 

Conclusions: All weightings confirmed previous results with the national dataset. 

The new Swiss weightings model improved slightly the prediction of in-hospital 

mortality in Swiss hospitals. The newly derive weights support patient population-

based analysis of in-hospital mortality and seek country or specific cohort-based 

weightings.  

Keywords: comorbidity indices; weights; risk adjustment; inpatient data; in-hospital 

mortality 
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4.2 Background 

Critical health outcomes such as mortality often require effective risk adjustment 

based on patient characteristics to predict in-hospital mortality. This is also true for 

comorbidities [1,2], which function as major predictors of mortality [3].  Over one-

third of hospitalized patients have at least one comorbidity; two-thirds of those over 

65 [2,4] and three-quarters of those over 85 have at least two [5]. In addition to 

mortality, comorbidities are associated with lower health-related quality of life, 

increased disability and higher utilization of both health care services and prescribed 

medications [6-8].    

Data on comorbidities are valuable both for comparison between patient populations 

and for risk adjustment regarding associated outcomes, especially mortality [9]. Two 

of the best-known measures are the Charlson Comorbidity Index and the Elixhauser 

Comorbidity Index [10,11]. When the Charlson Comorbidity Index was developed in 

1987 it included 19 chronic conditions to predict one-year mortality, but has since been 

shortened to 17. The Elixhauser Comorbidity Index, which was developed in 1998, 

works on a similar system but includes 30 – or, for some variants, 31 – comorbidities. 

In addition to in-hospital mortality, it is also used to predict the length of stay, adverse 

events and hospital discharges [12,13]. Despite this additional versatility (covering 

acute and chronic conditions) and strong evidence that the Elixhauser Comorbidity 

Index is statistically superior to the Charlson Comorbidity Index [13,14], the Charlson 

Comorbidity Index continues to be used. Because of the fewer chronic conditions [15-

17] and comparative ease of use in routine situations where time is limited.  

Both indices work either via simple (unweighted) sum scores or as weighted scores 

assigning a risk weight to each comorbidity [6,18,19]. A weighted sum 

score/summary measure provides an attractive advantage over plain dummy 

variables [20,21], as it reduces the overfitting risk of more parameters, unjustifiable in 

small datasets [22] and limits computational requirements in large ones [21]. 

Additionally, evidence indicates that a weighted variable reduces type I errors 

compared to dummy variables while addressing multicollinearity concerns in 

regression analysis and organizing multiple highly correlated variables into more 

meaningful information [21,23]. The weight assigned to each comorbidity reflects a 

higher, lower or neutral risk of mortality [24]. Practically, mortality risk scores can 
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help to identify high-risk cases for special management and to assess provider services 

whose patients perform better or worse than expected from the summary measure of 

the morbidity burden. 

To add to the value of early versions of the Elixhauser comorbidities, van Walraven et 

al. [25] used roughly 13 years’ inpatient admission data from one Canadian hospital 

(1996–2008) to develop a set of weights (VW weights, i.e., the regression coefficient 

divided by the coefficient in the model with the smallest absolute value) for the 30 

Elixhauser comorbidities associated with in-hospital mortality. Using the backward 

selection and an alpha inclusion criterion of 0.05 to identify independently associated 

comorbidities, van Walraven identified 21 comorbidities significantly associated with 

mortality. A VW weight was assigned to each of the 21 Elixhauser comorbidities. 

Ultimately, VW weights ranged from -7 to 12, with a weight of 0 assigned to the 9 non-

significant comorbidities.  

Since then, primarily in North America, studies have used VW weights to predict in-

hospital mortality, especially in clearly defined patient groups such as surgical, 

orthopedic, or cancer patients and those in single hospitals or intensive care unit (ICU) 

[12,13,21,25,26]. Moreover, the comorbidity weighting system might differ between 

all hospitalization and a restricted cohort; mortality and other outcomes; and between 

the countries [27].  Few studies have applied comorbidity adjustments to national or 

regional inpatient datasets [21,28]. Therefore, an analysis of a large heterogeneous 

patient population from a national dataset (Switzerland) is justified both to provide 

an overview of Elixhauser comorbidities in a European sample and potentially to 

optimize the comorbidity weights. In addition to increasing the generalizability of 

these comorbidity weights, the use of such a dataset, representing all hospital 

inpatient cases (i.e., hospitalization episodes) from a large, heterogeneous patient 

population, would allow a very accurate comparison of weighting systems. Therefore, 

the aims of our study were 1) to derive a new Swiss comorbidity weighting on a 

national inpatient dataset to predict in-hospital mortality; 2) to validate Charlson, 

Elixhauser-van Walraven and new weights on a national inpatient dataset; and 3) to 

compare the predictive performance of in-hospital mortality of the three weighting 

systems. 
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4.3 Methods 

Study design and population 

This is a retrospective population-based analysis of six years’ data (2012–2017) from 

the Swiss national inpatient dataset. Upon our application, subject to a data protection 

contract (as stipulated by article 22 of the Swiss Federal Act on Data Protection), the 

Swiss Federal Statistics Office (FSO) provided anonymized data from all Swiss 

hospital inpatient cases hospitalized between 2012 and 2017. This included not only 

general hospitals but also special care (e.g., pediatric, gynecological) facilities [29]. The 

FSO classifies general hospitals (University hospitals, Tertiary hospitals, and three 

Basic hospitals) into five different levels, based on the number of cases treated per 

year and/or a special hospital score assigned by Swiss Medical Association (“FMH-

Kategorien”). For this study, special care hospitals and children were excluded 

because of the low levels of comorbidities and the relatively low risk of dying in the 

hospital [25]. For data protection reasons, age was grouped in five-year groups, and 

all inpatient cases below 20 years of age were excluded. The flowchart for the final 

adult population included 102 general hospitals (6,094,672 inpatient cases) for the 

analysis is reported in supplementary figure F1 (Additional file 1).  

Dataset and classification of comorbidities indices 

The dataset included patient characteristics including sex, age, hospital types, primary 

and secondary diagnoses based on International Classification of Diseases-10 (ICD-

10) codes and hospital discharge information including in-hospital mortality. As 

condition coding in Switzerland is based on the ICD-10 German Modification (ICD-

10 GM), reported in supplementary table S1 (Additional file 1), we used this to identify 

both Charlson and Elixhauser comorbidities. Specifically, we used Quan et al.’s ICD-

10 codes [19] to determine each of the 17 Charlson and 31 Elixhauser comorbidities 

via the “Comorbidity” package in R [18]. This transforms ICD-10 codes into binary 

data the relevant comorbidities, their (unweighted) sum scores, and their Charlson 

and VW-weighted scores.  
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Descriptive analysis 

The study population’s general characteristics (hospital types, patient’s sex, and age 

groups) were reported in the alive and mortality cohorts with percentages. The 

distributions of Charlson and Elixhauser comorbidities, unweighted and weighted 

scores were computed as percentages of index values of 0, 1–2, and ≥3 and <0, 0, 1–4, 

and ≥5; and as the Charlson weight do not use negative weightings, its weights were 

calculated for index values of 0, 1–4, and ≥5. For each characteristic and comorbidities, 

standardized mean differences (SMD) between the alive and mortality cohort were 

computed using “tableone” package in R. The SMD is identical to Cohen’s D and 

provides an effect size estimate less sensitive to the sample size than p values between 

the cohorts. This is important in a dataset of the size used in this study. An SMD of 

zero means there is no difference in the characteristics (e.g., gender) between the alive 

and mortality cohort. SMDs greater than 0.1 indicate potentially relevant differences 

[30], i.e., showing unbalanced covariates and might have an association with 

mortality.  

Derivation of Swiss comorbidity weights 

The study population was randomly split into a derivation (50%) and a validation 

(50%) group. The derivation group was used to determine the adjusted association of 

all 31 Elixhauser comorbidities with death, treating the anonymous hospital identifier 

as a random effect [31]. Generalized additive regression models (GAM) can 

accommodate many predictors including random effect, able to handle large dataset 

easily and nonparametric in nature [32]. We fitted GAM to compute the odds ratios 

(OR) using the package “mgcv” [33] and R programming language, version 3.5.2 [34]. 

We utilized GAM with random effect components on the hospital level, as university 

and small hospitals are different in size and services in Switzerland. To identify 

Elixhauser comorbidities associated with in-hospital mortality, we retained variables 

based on an alpha inclusion criterion of 0.01.  

To derive the Swiss weightings from the regression model’s parameter estimates, we 

used the method described by Sullivan et al. [35]. Comorbidities not significantly 

associated with mortality were assigned a weight of zero. The number of (weighted) 

points assigned to each comorbidity equaled its regression coefficient divided by the 

coefficient in the model with the smallest absolute value [14,21,25,35] rounded to the 
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nearest whole number. Each person’s new Elixhauser comorbidity weighting score 

was then calculated by summing up all points of all their coded comorbidities.  

 

Validation and comparison of weighted comorbidity models 

To validate and compare the performance of the three comorbidity weighting systems, 

we first created four multivariate in-hospital mortality prediction GAMs for the 

derivation group. The first model, ‘base’, contained no comorbidity data – only age 

group, sex, and hospital types. The other three models used the same variables as the 

base model, with the first, ‘Charlson’, using Charlson weights, the second, ‘van 

Walraven’, using the Elixhauser index with van Walraven weights, and the third, 

‘Swiss weights’, using our newly-developed weights. We then validated all weights 

in validation groups by splitting the validation group into six groups by year of 

discharge. Altogether, 24 c statistics (including base models) were computed to 

validate the Charlson, van Walraven, and Swiss weights models in the validation 

sample. An additional four models were created using all cases (combining derivation 

and validation groups) to evaluate the performance of each model in the total patient 

population.  

We assessed the various comorbidity weightings according to the model performance 

criteria. Discrimination, i.e., each model's ability to distinguish patients discharged 

alive from those who died in hospital, was compared using the concordance (c) 

statistic. The c-statistic quantified each model’s ability to assign high probabilities of 

mortality to patients who died [36]. It’s possible values range from 0.50 to 1.0, with 

0.50 indicating no ability to discriminate, values less than 0.70 are considered poor, 

those between 0.70 and 0.80 acceptable, and those of 0.80 or above excellent [37]. Using 

bootstrap methods, we computed 95% confidence intervals for each c-statistic. 

Additionally, the observed value was also explored for each model from the predicted 

values to observe the model performances in the highest selected percentages (1%, 

2%, 5% and 10%) in the derivation sample. We also graphed receiver-operating 

characteristic curves (ROC) for the visual presentation of the derivation group’s c 

statistics. We compared the base model and existing comorbidity models with Swiss 

weight model using net reclassification improvement (NRI) for binary outcome [38-

40] from the “nricens” package in R [41] using the Swiss derivation sample and 
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classification cut-off value of 0.023 (mortality proportion of the total study 

population). NRI measures the degree of improvement in predicted inpatient 

mortality probabilities when comorbidity weights are added to the base model [21,42]. 

Higher NRI values indicate more accurate reclassification.  

Code validation and sensitivity analyses 

We also evaluated the R comorbidity package’s code handling accuracy in the Swiss 

setting. To do so we sampled 100 cases and manually reviewed the Swiss ICD-10 

codes of the raw data, checking whether the “comorbidity” package had assigned each 

to the appropriate Charlson or Elixhauser comorbidity. We also performed sensitivity 

analyses to explore Switzerland’s Major Diagnostic Categories’ (MDCs’) associations, 

which are based on ICD-10 GM (one way of expressing the reason for admission), if 

any, regarding the change in the predictability of in-hospital mortality in combination 

with the above models and to test whether the combined models’ patterns differed 

from those of uncombined ones. MDCs are 24 mutually exclusive categories into 

which all primary diagnoses are assigned based on the Swiss diagnostic-related group 

(DRG) system for hospital reimbursement [43].  

 

4.4 Results 

Population characteristics 

Overall, the adult inpatient population between 2012 and 2017 in all Swiss general 

hospitals (102) consisted of 6,094,672 cases. Among all hospitalized cases in our study 

population mortality was 2.3%. The characteristics of the adult inpatient cases are 

presented in Table 1. Inpatient cases had between 0 and 9 Charlson comorbidities 

(median 0, interquartile range (IQR): 0-1) and between 0 and 16 Elixhauser 

comorbidities (median 1, IQR: 0-2). The different categories of three comorbidity 

weightings are presented in supplementary table S2 (Additional file 1).  
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Table 1 General characteristics of the total study population 
Parameters Alive cohort (%) Mortality cohort 

(%) 

SMD 

aTotal population: N = 6,094,672 5,952,005 (97.7) 142,667 (2.3)  
 Females 3,280,823 (55.1) 63,912 (44.8) 0.208 
Age groups 1.006 
 20–24 years 215,672 (3.6)  292 (0.2)   
 25–29 years 327,562 (5.5)  375 (0.3)   
 30–34 years 415,022 (7.0)  526 (0.4)   
 35–39 years 348,591 (5.9)  718 (0.5)   
 40–44 years 299,985 (5.0)  1,368 (1.0)   
 45–49 years 350,899 (5.9)  2,503 (1.8)   
 50–54 years 408,028 (6.9)  4,312 (3.0)   
 55–59 years 430,721 (7.2)  6,503 (4.6)   
 60–64 years 466,543 (7.8)  9,068 (6.4)   
 65–69 years 528,374 (8.9)  13,322 (9.3)   
 70–74 years 554,612 (9.3)  16,899 (11.8)   
 75–79 years 535,543 (9.0)  19,888 (13.9)   
 80–84 years 509,225 (8.6)  24,853 (17.4)   
 85–89 years 365,924 (6.1)  24,042 (16.9)   
 90–94 years 161,236 (2.7)  14,156 (9.9)   
 95+ years 34,068 (0.6)  3,842 (2.7)   
Hospital types  0.157 
 University (level 1) 1,078,612 (18.1) 29,379 (20.6)  
 Tertiary care (level 2) 3,274,382 (55.0) 83,686 (58.7)  
 Basic care (level 3) 736,465 (12.4) 14,863 (10.4)  
 Basic care (level 4) 671,182 (11.3) 10,695 (7.5)  
 Basic care (level 5) 191,364 (3.2) 4,044 (2.8)  
Number of Charlson comorbidities  1.234 
 0 3,642,650 (61.2) 17,465 (12.2)  
 1–2 1,907,761 (32.1) 80,876 (56.7)  
 >= 3 401,594 (6.7) 44,326 (31.1)  
Number of Elixhauser comorbidities  1.039 
 0 2,509,169 (42.2) 11,036 (7.7)  
 1–2 2,106,780 (35.4) 43,494 (30.5)  
 >= 3 1,336,056 (22.4) 88,137 (61.8)  

Abbreviations: SMD standardized mean difference between alive and mortality 
cohort  
aTotal population presented in row percentage 
 

Prevalence of Charlson and Elixhauser comorbidity indices 

The most common Charlson comorbidity was any malignancy (including lymphoma 

and leukemia, except malignant neoplasm of the skin) in both cohorts, alive (10.2 %) 

and mortality (37.6%), yet with marked differences between the two cohorts (SMD: 
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0.680). The prevalence for each Charlson comorbidity in the total population and the 

derivation is presented in supplementary table S3 (Additional file 1). 

The most common Elixhauser comorbidities were uncomplicated hypertension (22.7 

%) in the alive cohort, whereas in the mortality cohort, it was solid tumour without 

metastasis (33.7%). However, the most pronounced difference between both cohorts 

was observed for metastatic cancer (4.0% vs. 26.5%; SMD: 0.657). The prevalence for 

each Elixhauser comorbidity from the total population and derivation group is 

presented in the supplementary table S4 (Additional file 1). 

 

Derivation of Swiss weights 

In the derivation group, two of the 31 Elixhauser comorbidities showed no association 

with hospital mortality and were removed, leaving 29 in the final model with random 

effect on the hospital level. Sixteen were associated with increased mortality risk, with 

the strongest associations coming from metastatic cancer (OR: 4.09, 95% CI: 3.98–4.21) 

and liver disease (OR: 3.83, 95% CI: 3.70–3.97). At the other end of the spectrum, 

thirteen comorbidities were associated with a decreased risk of hospital mortality. The 

strongest of these were deficiency anaemia (OR: 0.54, 95% CI: 0.51–0.56) and obesity 

(OR: 0.59, 95% CI: 0.56–0.63). The adjusted coefficients were used to derive Swiss 

weights with a new maximum weight of 17, for metastatic cancer, and a new 

minimum of -7, for deficiency anaemia (Table 2). 
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Table 2 Prevalence, adjusted odds ratio and weights from the (new) Swiss 
derivation sample and the van Walraven (VW) derivation sample [25] 

Elixhauser 

comorbidities 

Alive 

cohort 

(%) 

Mortality 

cohort 

(%) 

SMD Adjusted odds ratio (95% CI) 

 

Weights 

 Swiss derivation sample VWa Swiss VW
a 

Swis

s 
bDerivation 

group 

2,975,887 (97.7) 71,449 (2.3)      

Congestive heart 

failure 

163,685 (5.5)  16,333 (22.9)  0.514 1.96 (1.85–2.07) 3.07 (3.00–3.14) 7 13 

Cardiac 

arrhythmias 

341,280 (11.5)  20,754 (29.0)  0.448 1.71 (1.62–1.80) 1.69 (1.66–1.73) 5 6 

Valvular disease 117,450 (3.9)  6,568 (9.2)  0.213 0.91 (0.82–0.99) 0.92 (0.89–0.95) -1 -1 

Pulmonary 

circulation 

disorders 

53,292 (1.8)  4,813 (6.7)  0.247 1.48 (1.34–1.62) 

 

1.62 (1.57–1.68) 4 6 

Peripheral 

vascular 

disorders 

141,051 (4.7)  6,912 (9.7)  0.192 1.26 (1.17–1.36) 

 

1.27 (1.24–1.31) 2 3 

Hypertension 

(uncomplicated) 

676,609 (22.7)  15,692 (22.0)  0.019 – 0.69 (0.68–0.70) 0 -4 

Hypertension 

(complicated) 

218,656 (7.3)  11,003 (15.4)  0.256 – 0.79 (0.77–0.81) 0 -3 

Paralysis 61,546 (2.1)  5,153 (7.2)  0.246 1.93 (1.75–2.12) 2.60 (2.52–2.69) 7 11 

Other 

neurological 

disorders 

120,045 (4.0)  8,011 (11.2)  0.273 1.83 (1.70–1.96) 

 

2.45 (2.39–2.52) 6 10 

Chronic 

pulmonary 

disease 

170,770 (5.7)  8,269 (11.6)  0.209 1.36 (1.29–1.44) 1.31 (1.27–1.34) 3 3 

Diabetes, 

uncomplicated 

245,817 (8.3)  9,059 (12.7)  0.145 – 1.09 (1.06–1.11) 0 1 

Diabetes, 

complicated 

66,161 (2.2)  2,763 (3.9)  0.096 – 0.89 (0.86–0.93) 0 -1 

Hypothyroidism 126,062 (4.2)  3,454 (4.8)  0.029 – 0.76 (0.74–0.79) 0 -3 

Renal failure 289,047 (9.7)  20,526 (28.7)  0.497 1.63 (1.54–1.73) 2.06 (2.02–2.11) 5 8 

Liver disease 49,916 (1.7)  5,822 (8.1)  0.303 2.97 (2.73–3.22) 3.83 (3.7–3.97) 11 16 

Peptic ulcer 

disease, 

excluding 

bleeding 

5,808 (0.2)  258 (0.4)  0.032 – – 0 0 

AIDS/HIV 2,300 (0.1)  85 (0.1)  0.013 – – 0 0 

Lymphoma 25,049 (0.8)  1,759 (2.5)  0.127 2.55 (2.31–2.81) 2.19 (2.07–2.31) 9 9 

Metastatic cancer 119,667 (4.0)  18,907 (26.5)  0.657 3.30 (3.10–3.52) 4.09 (3.98–4.21) 12 17 

Solid tumour 

without 

metastasis 

268,298 (9.0)  24,046 (33.7)  0.631 1.47 (1.39–1.56) 2.36 (2.3–2.42) 4 10 
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Rheumatoid 

arthritis/collagen 

vascular diseases 

47,305 (1.6)  1,254 (1.8)  0.013 – 0.91 (0.86–0.97) 0 -1 

Coagulopathy 90,551 (3.0)  9,528 (13.3)  0.382 1.30 (1.22–1.40) 2.12 (2.07–2.18) 3 9 

Obesity 68,155 (2.3)  1,011 (1.4)  0.065 0.64 (0.53–0.77) 0.59 (0.56–0.63) -4 -6 

Weight loss 98,545 (3.3)  9,527 (13.3)  0.369 1.85 (1.67–2.04) 1.67 (1.63–1.71) 6 6 

Fluid and 

electrolyte 

disorders 

257,618 (8.7)  17,440 (24.4)  0.434 1.61 (1.53–1.69) 

 

1.58 (1.55–1.61) 5 5 

Blood loss 

anaemia 

19,759 (0.7)  685 (1.0)  0.033 0.81 (0.70–0.93) 0.66 (0.60–0.71) -2 -5 

Deficiency 

anaemia 

72,290 (2.4)  1,886 (2.6)  0.013 0.80 (0.71–0.90) 0.54 (0.51–0.56) -2 -7 

Alcohol abuse 96,708 (3.2)  3,086 (4.3)  0.056 – 0.75 (0.72–0.78) 0 -3 

Drug abuse 38,044 (1.3)  583 (0.8)  0.045 0.50 (0.42–0.60) 0.67 (0.61–0.73) -7 -5 

Psychoses 29,598 (1.0)  404 (0.6)  0.049 – 0.72 (0.65–0.79) 0 -4 

Depression 173,898 (5.8)  3,715 (5.2)  0.028 0.73 (0.67–0.80) 0.73 (0.70–0.75) -3 -3 

Abbreviations: SMD standardized mean difference between alive and mortality 
cohort, VWa van Walraven, `–` excluded in the final model, bRow percentage  
Note: The total cohort percentages can exceed 100%, as each admission contributes 
to one or more comorbidities. Swiss weights are calculated by dividing the 
coefficient of each comorbidity by the coefficient in the model with the smallest 
absolute value (which is ‘diabetes uncomplicated’ with a coefficient of 0.084) and 
rounding to the nearest whole number. 
 
 
Validation and comparison of weighted comorbidity models 

All three comorbidity weighting systems (Charlson, Elixhauser van Walraven and 

Swiss) indicated higher in-hospital mortality risk than the base model, showing the 

conditional interpretation of weights for each of the weighted models. Each model 

performed similarly across all years in validation groups as in the derivation groups. 

Overall, the c-statistic for the 6-year cohort were: 0.757 (95% CI: 0.755–0.759) for the 

base model, 0.850 (95% CI: 0.849–0.851) for Charlson, 0.863 (95% CI: 0.862-0.864) for 

VW Elixhauser and 0.867 (95% CI: 0.865–0.868) with Swiss Elixhauser. These c-

statistics were similar in the development and validation cohorts. All differences and 

the rankings they established among models were statistically significant. (Additional 

file 1, Table S5). In comparison, the model with Swiss weights discrimination was 

slightly better with some c-statistic variability across the six years’ data.  
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Additionally, 1% highest predicted value, showed the same order of the model’s 

performance from the observed mortality (base: 10.7%, Charlson: 18.5%, VW 

Elixhauser: 20.4%, Swiss Elixhauser: 20.9% (Table S6, Additional file 1). As shown in 

receiver-operating characteristic (ROC) curves (Fig. 1) the Swiss weights model’s 

discrimination was better than the Charlson’s or base model’s, and only slightly better 

than the van Walraven’s. The NRI confirm this picture (Table 3). Comparing the Swiss 

weights with VW weights showed an NRI of 1.6% (95%-CI: 1.3–2.0) with differences 

in predicted probabilities of mortality (among those who died) of 1.4% and differences 

in predicted probabilities of alive (among those who lived) by 0.02%.  

 

 
Fig. 1 Receiver-operating characteristic (ROC) curves for generalized additive 
models predicting in-hospital mortality. Base model (AUC 0.757): age group, sex, 
hospital types; Charlson weights model (AUC 0.850): base and Charlson weights; 
VW weights model (AUC 0.863): base and Elixhauser/ van Walraven weights; Swiss 
weights model (AUC 0.867): base and Elixhauser/ Swiss weights. Straight diagonal 
line in the middle showing null model (AUC 0.500).  
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Table 3 Comparison of Swiss weights model with Base, Charlson and VW weights 
models based on the Net Reclassification Improvement (NRI) 

Derivation group 

Comparison 
models 

NRI 
(95% CI) 

 

Mortality 
increased 

Pr(Up|Case) 

Alive 
increased 

Pr(Up|Ctrl) 

Mortality 
decreased 

Pr(Down|Case) 

Alive 
decreased 

Pr(Down|Ctrl) 

Swiss weights 
vs. 
Base model 

0.355 
(0.352–0.357) 

0.448 
(0.445–0.450) 

0.074 
(0.074–0.074) 

0.134 
(0.133–0.136) 

0.115 
(0.115–0.116) 

Swiss weights 
vs. 
Charlson weights 
model 

0.049 
(0.044–0.052) 

0.297 
(0.294–0.299) 

0.058 
(0.058–0.059) 

0.251 
(0.250–0.253) 

0.062 
(0.061–0.062) 

Swiss weights 
vs. 
VW weights model 

0.016 
(0.013–0.020) 

0.157 
(0.155– 0.159) 

0.021 
(0.021–0.022) 

0.143 
(0.140–0.145) 

0.023 
(0.023–0.024) 

Abbreviations: NRI Net Reclassification Improvement with classification cut-off 
0.023, CI confidence interval 
Pr(Up, Down) | (Case, Ctrl) represents the proportion of patients whose predicted 
probabilities increased or decreased for in-hospital mortality and alive cohorts 
respectively 
NRI= (Pr(Up|Case) - Pr(Down|Case)) + (Pr(Down|Ctrl) - Pr(Up|Ctrl)) 
Base model: age group, sex, hospital types 
Charlson weights model: base and Charlson weights 
VW weights model: base and Elixhauser/ van Walraven weights 
Swiss weights model: base and Elixhauser/ Swiss weights  

Finally, the sensitivity analysis using MDCs did not offer any improvements in the 
models’ performance. 
 
4.5 Discussion  

This study used a six-year dataset of a multi-million-patient population to explore 

Charlson and Elixhauser comorbidities with different weightings to predict in-

hospital mortality. We first derived a set of Swiss weightings for the 31 Elixhauser 

comorbidities using the national inpatient dataset. The analysis confirmed Charlson 

and Elixhauser comorbidities with van Walraven’s weights performance for mortality 

prediction, while the newly derived Swiss weightings slightly improved the mortality 

prediction for the 31 Elixhauser comorbidities.  

Although, the optimized Swiss weightings performed only slightly better than the 

Charlson and Elixhauser-van Walraven sets they also supplied weights for eight 

Elixhauser comorbidities (e.g. diabetes, hypertension, and psychosis) eliminated by 

van Walraven et al. (2009) [25]. Of the risk-associated comorbidities retained in both 

the van Walraven and the Swiss weights, several comorbidities showed similar 
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results, e.g., the highest odds ratios to metastatic cancer and liver disease.  And 

regarding the comorbidities with negative associations, only small differences were 

observed between the van Walraven and Swiss weights (e.g., hypothyroidism or 

obesity were likely to be healthier).   

From an epidemiological perspective, overall hospitalization mortality was only 2.3%, 

but in-hospital mortality is higher in patients with chronic diseases.  Chronic diseases 

such as cancer, heart and liver diseases increase the risk of dying in hospitals, while 

certain other less severe diseases, (e.g., hypertension, anaemia and hypothyroidism) 

have a lower risk. This might be due to the relatively higher frequency of less severe 

diseases and some reported along with other acute conditions for the same patients. 

Furthermore, the interpretation of the algebraic sign of a single coefficient from such 

a joint model is mainly for the derivation of the weights, especially negative weights 

do not support the survival of the patients. These results are in line with those of 

Zellweger et al.’s [44] study using the Swiss national death registry of hospital 

inpatient data from 2010–2012. Furthermore, van Walraven et al.’s [25] study based 

on a single Canadian hospital’s records and Thompson et al., [21] using Maryland 

State inpatient data, showed similar results. These relations could insight the global 

burden of in-hospital mortality is due to rising chronic diseases.  

The existing weighting systems [11,13,21,25] represent data from a specific 

geographical region, patient group, or even limited numbers of hospitals or settings, 

matching the generalizability of these weighting systems remained difficult. As this 

study addresses such issues, with a large dataset representing the Swiss inpatient 

population, it provides Swiss comorbidity adjustments for the prediction of mortality 

or other health outcomes. The c statistics reported in our study (weighted models) are 

around 10% higher than those reported in van Walraven’s study [25]. Several reasons 

might explain this increase: the GAM modelling approach (with binomial family) 

including random effects contributing around 2% improvement in c statistic without 

random effect, the study cohort and hospital types included might raise the base 

model and largely the conditional interpretation of weightings effect raised c statistic 

of weighted models. With the new eight derivations, the additional eight significant 

variables might have played a role too. However, a slightly improved performance of 
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the Swiss weights system suggests that it might be worthwhile to derive country- or 

region-specific comorbidity weights from representative patient populations.    

C-statistics and ROCs are widely used to assess predictive performance. Nonetheless, 

one downside of comparing c-statistic and ROCs is that differences between c-

statistics are often small, [45] as it was the case when we compared our new weights 

and van Walraven’s. Over the past decade, it has become common to use NRIs to 

compare different models’ performance, even though it might differ with the cut-offs 

taken for analysis [39,46]. In our study, taking the same cut-offs for all models, NRI 

calculations confirmed the three weighting systems’ rankings i.e., Swiss, van 

Walraven and Charlson weights.  

The primary strength of this study was the large sample size and the heterogeneity of 

the Swiss inpatient population across all general hospitals over six years, which made 

it representative of the entire country. To our knowledge, this study is the first to 

derive and validate Elixhauser weightings in Swiss hospital inpatient data. We used 

standard regression methodology for large datasets, including random effects at the 

hospital level, and internally validated our models. We also used accepted methods 

to modify our adjusted model into a Swiss weightings system that re-includes the 

association of several comorbidities (e.g., diabetes, hypertension, Psychoses) formerly 

excluded from the Elixhauser index in the VW study [35]. Despite differences in 

individual comorbidities’ prevalence and weightings, Charlson, Elixhauser/VW, and 

the Swiss weights performed well across the derivation, validation, and all-cases 

groups. We also used NRIs, allowing a robust comparison of model performance. 

Finally, the methods we applied were explicit and can be replicated by other 

researchers, who can adjust or control for patient comorbidity via their hospital and 

national databases. Moreover, the managerial utility could be done using this method 

by identifying high-risk patients for safe care and by evaluating hospitals performance 

based on the patient’s outcome. 

Our study also has certain notable limitations. We derived our weights using 

statistical criteria, while clinical knowledge might be needed to determine each 

comorbidity's value. Since we used codes assigned in routine data, the capture of the 

comorbidities could be influenced by other factors, such as physician and nurse 

documentation, code assignment accuracy, and the possibility that capture of 
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comorbidities is biased towards those for which the Swiss DRG / MDC pays more 

[43,47]. The negative coefficients/weights might be artefacts, as they are computed 

using routine data and coding of these is influenced by the main diagnose (e.g., 

deficiency anaemia, diabetes or hypertension are far more likely to be recorded when 

a patient had few other serious or acute problems). The direction of the coefficients is 

also driven by the joint adjusted model, which makes the interpretation of a single 

coefficient not meaningful. Moreover, some researchers believe current comorbidity 

indices are not suitable for use as predictors of patient-centered outcomes like 

rehabilitation, readmission, fee-for-services while weightings might differ in 

restricted cohorts, other outcomes and countries [27]. Additionally, Swiss data 

protection regulations prevented us from obtaining the inpatients’ exact age, we could 

not differentiate children exactly under 18 years and could not specify each year. This 

also might have influenced the predictive accuracy of the tested models.  

4.6 Conclusions 

We found that Elixhauser/van Walraven weightings performed well in a large Swiss 

dataset and could derive Swiss weightings with statistically significant, yet with a 

small improvement in mortality prediction. Although the Swiss weightings showed 

slightly improved mortality predictions, we confirmed the validity of the 

Elixhauser/van Walraven weightings. The results provide evidence that 

Elixhauser/van Walraven weightings continue to be the preferred choice for 

weighting. In the Swiss context and possibly in countries with ICD-10 GM (German 

Modification) the derived weights are an option and to identify high-risk patients for 

safe care/treatment. Given access to similar data, researchers could use the methods 

described here to validate existing weightings such as van Walraven or derive their 

own country- or region-specific morbidity weights, although improvements might be 

small. 
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5.1 Abstract  

Background: High bed-occupancy (capacity utilization) rates are commonly thought 

to increase in-hospital mortality; however, little evidence supports a causal 

relationship between the two. This observational study aimed to assess three time-

varying covariates—capacity utilization, patient turnover and clinical complexity 

level—, and to estimate any potential causal effect of high capacity utilization on 14-

day in-hospital mortality. 

Methods: This retrospective population-based analysis was based on routine 

administrative data (n=1,152,506 inpatient cases) taken from one unspecified calendar 

year between 2012 and 2017 for 102 Swiss general hospitals. We investigated potential 

effects of capacity utilization on in-hospital mortality. Considering the longitudinal 

nature of the problem, along with available literature and expert knowledge, we 

represented the underlying data generating mechanism as a directed acyclic graph. 

To adjust for patient turnover and patient clinical complexity levels as time-varying 

confounders, we fitted a marginal structure model (MSM) that used inverse 

probability of treatment weights (IPTWs). We also adjusted for patient age and sex, 

weekday-vs-weekend, comorbidity weight, and hospital type.  

Results: For each participating hospital, our analyses indicated the 85th percentile of 

highest recorded capacity utilization as a safety tipping point. This occurred at 42.1%–

95.9% of each institution’s bed-occupancy. For each additional day of exposure to 

≥85th percentile (high) capacity utilization, our marginal structure model 

incorporating IPTWs showed a 2% increase in the odds of 14-day in-hospital mortality 

(OR 1.02, 95% CI: 1.01 to 1.03).  

Conclusions: Causal modelling of data from Swiss general hospitals indicates that 

patient exposure to high capacity utilization has a causal effect on in-hospital 

mortality. Each participating hospital had its own tipping point, that is, an occupancy 

level that consistently leads to increased mortality and requires appropriate human 

resources to reduce its effect. 

Keywords: causal effect, time-varying covariates, capacity utilization, in-hospital 

mortality  
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5.2 Introduction  

Several observational studies have linked high bed-occupancy (capacity utilization) 

rates in hospitals with in-hospital mortality [1-3]. While those studies account for 

numerous factors, they also acknowledge that the associations they show do not 

indicate causality [1,2]. Logically, though, an unexpected rise in care demand (high 

patient volume, turnover, and case severity) could exceed a hospital’s human resource 

adequacy on certain days (e.g., on weekends). Such situations would delay treatment 

for some patients and prevent early recognition of deterioration in others. Both cases 

would contribute to adverse patient outcomes [3]. The link between capacity 

utilization and in-hospital mortality warrants further research due to the time-varying 

exposure[4] of care demand (e.g., capacity utilization) and supply (e.g., staffing). Thus, 

the possible causal link between time-varying predictors and the outcome (e.g., in-

hospital mortality) might require flexible care staffing for safer hospitals in general.  

The effect of a time-varying exposure is often overwhelmed by time-varying 

confounding [5], e.g., the effect of time-varying confounders on exposure-outcome 

relationships. One example is daily patient flow. This affects our outcome of interest—

mortality—by influencing patient exposure (e.g., capacity utilization) at each 

measurement point. Over time, if the analysis does not adequately adjust for this 

influence, it will distort the apparent association between exposure and outcome. That 

is, the initial exposure at a given measurement point affects the value of certain 

variables (confounders) at subsequent time points. In discussions of causality, this is 

called exposure- or treatment-confounder feedback (TCF) [6,7].  

In a hospital setting, the extent of daily capacity utilization may be influenced both by 

daily patient flow and by mean disease severity; further, today’s capacity utilization 

might influence tomorrow’s patient flow. TCF induces a type of bias not generally 

correctible via standard regression methods, as they employ the same model to infer 

the effects of early and late exposures; as a result, they cannot control for time-varying 

factors that arise along the causal pathway between early exposure situations and later 

outcomes [5]. 

Correcting for TCF starts with checking for its presence. This requires a rigorous 

logical exploration of study variables and a priori assumptions via expert knowledge 

and literature so that directed acyclic graphs (DAGs) can be formulated [8]. DAGs 
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facilitate the understanding, representation and communication of key concepts, 

making them particularly helpful in identifying confounders and potential sources of 

bias in exposure-outcome relationships [9,10]. By representing variables as nodes 

linked by arrows, they show paths with particular characteristics (e.g., chains, forks) 

[11]. Relying on the concept of directional separation (d-separation) [12,13], Pearl’s 

(1995) graphical rules allow us first to identify sets of variables usable for risk 

adjustment, then to eliminate bias for a given exposure [14,15]. 

Causal effects of time-varying exposures are beyond the scope of simpler regression 

models. For example, neither the logistic regression used by Kuntz et al. nor the 

Poisson regression used by Madsen et al. was used to identify TCF to assess the 

association between bed-occupancy and in-hospital mortality [2,3]. Instead, where 

TCF is present, estimating causal effects with time-varying variables requires Robins’ 

generalized methods (G-methods) [16,17]. The most popular of these is the inverse 

probability of treatment weighting (IPTW) for marginal structural models (MSMs) 

[18,19].  

Inference of an exposure’s causality regarding an outcome relies on a set of 

identifiability assumptions [6]. The three most common of these are 1) 

ignorability/exchangeability, 2) positivity and 3) correct specification of the IPTW 

model [6,19,20]. 

To our knowledge, causal effects of capacity utilization on in-hospital mortality have 

not yet been specifically investigated. Moreover, previous studies aggregated time-

varying exposures (e.g., bed-occupancy rates) into monthly or annual estimates at the 

hospital level to define each institution’s safety tipping point (i.e., the critical point at 

which adverse events or in-hospital mortality increase significantly) [2,3]. For 

instance, a study in German hospitals showed a safety tipping point of 92.5% capacity 

utilization, after which the risk of in-hospital mortality increased significantly [3]. 

However, these findings do not support a causal interpretation, as any potential TCF 

is ignored. We also need to consider the level of care each patient requires depending 

either on disease severity or comorbidity score or on staffing level and individual 

characteristics such as age or sex, as these could influence a causal relationship 

between capacity utilization and in-hospital mortality.  
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To address these limitations, this study aims to investigate the potential causal effect 

of capacity utilization on in-hospital mortality. To do so it will use routine data from 

the Swiss national inpatient population. It has two specific aims: 1) to use DAGs to 

describe a potential mechanism via which the time-varying exposure (i.e., daily 

capacity utilization) and time-varying confounders (i.e., daily patient turnover and 

patient clinical complexity levels (PCCL)) affect in-hospital mortality; and 2) to 

estimate the causal effect of capacity utilization on 14-day in-hospital mortality 

consistent with such a DAG and using MSM/IPTW-based estimates.  

 

5.3 Methods 

Design, context and participants 

This is a retrospective longitudinal observational study using patient data routinely 

submitted to the Swiss Federal Statistics Office (FSO). As stipulated by Article 22 of 

the Swiss Federal Act on Data Protection, the FSO provided anonymized annual data 

on all Swiss hospital inpatients from 2012 to 2017. The FSO classifies general hospitals 

into five types: university hospitals, tertiary care hospitals, large basic hospitals, 

medium basic hospitals and small basic hospitals. Each institution’s classification is 

based on the number of cases treated per year and/or a special hospital score assigned 

by the Swiss Medical Association [21,22].  

To comply with Swiss data protection regulations, the exact year of the six-year period 

is anonymized and we included only one annual patient population dataset; to reduce 

between-hospital heterogeneity, we included only general (acute care) hospitals. 

Further, as it was impossible to link observations across the calendar year, we 

excluded patients admitted over the last two weeks of the year. Online supplementary 

figure S1 provides a flow diagram depicting our inpatient case selection process.  

 

Dataset and variables 

The dataset included variables from the FSO’s routine administrative data. Additional 

variables that change over time with fluctuations in care demand (e.g., daily capacity 

utilization, daily patient turnover and average daily PCCL value) were computed at 

the hospital level (see online supplementary table S1). Daily patient turnover and 

daily capacity utilization were computed as percentages per hospital. Average daily 
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disease severity was computed as PCCL value per hospital per day. PCCL is a 

measure of the cumulative effect of a patient’s comorbidities and/or complications 

(CC) for each episode of care. Values range from 0 (no CC) to 4 (very severe CC) [23]. 

The outcome of interest was 14-day in-hospital mortality, i.e., all deaths occurring 

during inpatients’ first 14 days in the hospital, where more than 90% of all inpatients 

were discharged within the time frame. Additionally, we included individual-level 

variables (age, sex, Elixhauser index/Swiss comorbidity weights [24]) and variables 

linked to days of the week, e.g., weekends. 

 

Treatment/exposure strategy  

For exposure we considered a binary variable indicating the level of capacity 

utilization as above or below a critical threshold. We derived each threshold from the 

distribution of capacity utilization (daily inpatient loads as percentages of the highest 

daily inpatient load) per hospital. Identifying a critical cut-off relevant to a particular 

outcome (mortality) is challenging. Some studies have found that a capacity 

utilization above 80-90% will lead to increases in infection risk, serious medical errors 

and mortality [2,25,26]. E.g., Kuntz et al.[3] identified a safety tipping point at 92.5% 

bed occupancy.  

However, our study included a heterogeneous group of hospitals whose capacity 

utilization varies throughout the year [27]. To explore the distribution of capacity 

utilization for all hospitals we used violin plots, with the 85th percentile as a 

breakpoint for each hospital, that is, as a safety tipping point cutoff. To evaluate the 

robustness of this approach we implemented sensitivity analyses using cutoffs 

bracketing the 85th percentile and the effect estimation was computed. Models were 

fitted using the generalized estimating equation (GEE) approach in R’s “geepack” 

package [3,28,29].  

Exploring relationships between time-varying variables through DAGs 

Causal DAGs are mathematically grounded [30] graphical representations of data-

generating mechanisms. They provide a visual understanding of the qualitative 

relationships between different variables. Additionally, thanks to graphical criteria 

based on the rules of d-separation, the DAG’s structure helps researchers identify and 

evaluate each variable's role, i.e., as a mediator, collider or confounder [6]. Thus, when 
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we wish to assess an exposure’s causal effect (if any) on an outcome, we can depict 

the available evidence as a DAG [6], which explicitly describes both the model and its 

underlying assumptions [8,31].  

We started development of a causal DAG immediately after this study’s conception. 

Mainly, we were interested in the relationship between capacity utilization and in-

hospital mortality, while accounting for hospital and individual-level factors that may 

influence those relationships. We used two levels of capacity utilization as exposure, 

14-day in-hospital mortality as the outcome and patient turnover and PCCL as the 

main time-varying confounders. No measurement error and no other confounding 

factors were assumed.  

By blocking all back-door (i.e., non-causal) paths [32] between exposures and 

outcomes, adjusting for possible confounders allows estimation of exposures’ causal 

effect on target outcomes. To construct a DAG that adequately captures current 

knowledge we used DAGitty (http://www.dagitty.net/), iterating through several 

steps to synthesize evidence by adding time-varying covariates, individual covariates 

and unmeasured variables (see online supplementary figures S2A-D).  

One underlying assumption is that a particular graphical structure will repeat across 

various time points. Therefore, to simplify the visual representation, the final DAG in 

Figure 1 shows only the connection between variables for the first two of the analysis’s 

fourteen-time points. Including the unmeasured variable not captured in our 

dataset—staffing—in the DAG allowed it to show how that variable might affect both 

exposure and outcomes, e.g., staffing could be linked with patient turnover [33] and 

in-hospital mortality [34]. Day-one exposure (to capacity utilization) affects the time-

varying confounder (patient turnover) on day two. We also need to acknowledge an 

unmeasured variable that affects both patient turnover and 14-day mortality forming 

TCF (Figure 1). Therefore, traditional methods (e.g., stratification, outcome 

regression) cannot reliably analyses this situation, instead of producing biased 

estimates of the effect of capacity utilization on mortality [6,7,35]. 
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Figure 1: Causal DAG for time-varying exposures (capacity utilization: CU1, CU2), 
time-varying confounders (patient turnover: PT1, PT2 and average patient clinical 
complexity level: PCCL1, PCCL2) and outcomes (mortality: M1, M2) at day one and 
day two with other fixed covariates (C) (e.g., age, sex, comorbidity weights) and 
unmeasured variables (U) (e.g., staffing). 
Note: the arrows are limited to prevent overcrowding. The green path represents a 
causal path (open), the black path an adjusted (blocked confounder) path and the red 
path the biasing path as per (http://www.dagitty.net/) 
 

Statistical analysis  

We reported the study population’s descriptive statistics (including sex, age group, 

hospital type, Elixhauser index-Swiss comorbidity weighting categories, PCCL 

categories, patients, day/weekday details) overall and separately for all patients with 

14-day mortality (Table 1). Additionally, we described the daily distribution of each 

time-varying variable (capacity utilization, patient turnover and PCCL) via medians, 

interquartile ranges (IQRs), and minimum-maximum (Min-Max) per hospital by 

hospital type 

In preparation for statistical evaluation, we used the raw data to derive the time-

varying and outcome variables in a format suitable for the intended longitudinal 

analysis. Each case was followed up for a maximum of 14 days. Where patients left or 

died within 14 days, their time-varying data were included respectively until 

discharge or death. Distributions of total exposure days for all study samples were 

explored for each class of general hospitals [36]. 

We evaluated the suspected causative role of capacity utilization on in-hospital 

mortality based on a DAG describing the hypothesized mechanism over time (Figure 
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1). As our safety tipping point for Swiss hospitals, we decided on utilization equal to 

or above the 85th percentile of each hospital’s patient load. Additionally, we adjusted 

for time-fixed covariates (age, sex, hospital type, Elixhauser index/Swiss comorbidity 

weight, and weekdays) that affected both exposure and outcomes.  

To estimate a causal effect of exposure to high capacity utilization on in-hospital 

mortality we fit our MSMs using IPTW,[18] as the weighting eliminates any treatment-

confounder feedback regarding the time-varying covariates depicted in the final 

DAG. At any given time point, IPTW for MSM allows estimates without either (1) 

adjusting away part of the effect [37], or (2) introducing Berkson's bias (e.g., false 

observation of a negative correlation between two positive traits) [6,38,39].  

For longitudinal analysis, IPTW can be derived for each observation by multiplying 

weights evaluated at each time point; the resulting weighting is usually standardized 

to improve precision [6,19]. In this expression of stabilized weights, capacity 

utilization is the dependent variable. The numerator of the IPTW at each time point 

includes probability of observed exposure at each time point conditioned with 

exposure history of previous time point and time-fixed covariates. The denominator 

includes probability of the observed exposure history of previous time point, time-

varying covariates history (patient turnover and PCCL) and time-fixed covariates [20]. 

To calculate the weights we used the R software’s “ipw” package [38].  

Marginal structural modelling is flexible enough to handle diverse types of data. In 

our case, we used multivariable logistic regression, with mortality as the binary 

outcome. To estimate the effect of increasing exposure by one or more days before the 

endpoint, our model uses the cumulative number of days with high capacity 

utilization exposure. To fit the model we used the GEE approach as implemented in 

R’s “geepack” package [40]. We did this first without, then with IPTW [41]. Finally, 

we derived odds ratios (with 95% CIs) for fourteen-day in-hospital mortality with 

cumulative exposure to high capacity utilization.  

Additionally, the model was adjusted for five fixed covariates: weekend, comorbidity 

weights, hospital types, sex and age. To complement our primary analysis, we 

conducted a daily alternative analysis of the total/short-term effect of exposure to 

high capacity utilization, with observations repeated until the fourteen-day point [42]. 
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Finally, to assess the extent of potential model misspecifications we also considered 

an analysis with stabilized weights truncated at their 1st and 99th percentiles. 

  

5.4 Results 

We analyzed annual data collected over one calendar year on 1,152,506 inpatient cases 

in 102 Swiss general hospitals, excluding admissions from the study year’s final 14 

days. Of these, 53.4% were female. One-fifth of admissions were to university 

hospitals; 36.6% of patients had positive Elixhauser-Swiss comorbidity weighting 

scores. Ten percent were very severe clinically complex. The overall fourteen-day in-

hospital mortality rate was 1.5% (16,998); the death rate was highest (2.3%) in small 

basic hospitals. Detailed characteristics of the study population, including totals and 

fourteen-day mortality rates, are shown in Table 1.  

Table 1. General characteristics of the study population 
 Total study 

population 
14-days mortality 
(%) 

Total population 1,152,506  16,998 (1.5) 
Male 536,763  9,662 (1.8) 
Female 615,743 7,567 (1.2) 
Age groups  

 
 

- 0–19 years 152,887 558 (0.4) 
- 20–29 years 85,498  79 (0.1) 
- 30–39 years 125,141 156 (0.1) 
- 40–49 years 99,401 373 (0.4) 
- 50–59 years 139,695 1,159 (0.8) 
- 60–69 years 163,193 2,270 (1.4) 
- 70–79 years 192,614 4,121 (2.1) 
- 80–89 years 156,026 5,803 (3.7) 
- 90+ years 38,051 2,479 (6.5) 

Hospital types   
- University (level 1) 222,552 3638 (1.6) 
- Tertiary care (level 2) 688,637 10,591 (1.5) 
- Large basic (level 3) 105,809 1,194 (1.1) 
- Medium basic (level 4) 118,705 1,191 (1.0) 
- Small basic (level 5) 16,803 384 (2.3) 

Elixhauser index (mean (SD)) 1.41 (1.81) 3.14 (2.06) 
Elixhauser index (Swiss comorbidity 
weighting score) 

  

- <0 197,262 630 (0.3) 
- =0 532,629 1,694 (0.3) 
- >0 to <5 76,495 754 (1.0) 
- ≥5 345,501 13,641 (3.9) 
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Individual (PCCL)    
- No clinical complexity (0) 705,437 3,759 (0.5) 
- Mild clinical complexity (1) 16,933 65 (0.4) 
- Moderate clinical complexity (2) 130,866 1,346 (1.0) 
- Severe clinical complexity (3) 174,576 3,915 (2.2) 
- Very severe clinical complexity 

(4) 
124,694 7,913 (6.3) 

Days of admission  
 

 
- Mondays 216,990 

 
2,890 (1.3) 

- Tuesdays 
 

204,425 2,700 (1.3) 
- Wednesdays 199,349 2,561 (1.3) 
- Thursdays 184,595 2,538 (1.4) 
- Fridays 

 
161,107 2,591 (1.6) 

- Saturdays 86,680 1,844 (2.1) 
- Sundays 99,360 1,874 (1.9) 

Admission during weekdays    
- Weekdays 966,466 13,530 (1.4) 
- Weekends  186,040 3,718 (2.0) 

SD: Standard Deviation; PCCL: Patient Clinical Complexity Level 

 

Daily distribution of time-varying variables 

Each of the time-varying covariates fluctuated daily across all general hospitals. In 

University hospitals, while daily capacity utilization and PCCL value were highest, 

daily patient turnover was lowest. The daily distributions of time-varying variables—

capacity utilization, patient turnover and patient clinical complexity level—are shown 

in Table 2.  
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Table 2. Daily distribution of time-varying variables capacity utilization, patient 
turnover and patient clinical complexity level per hospital by hospital type 
 

IQR: Inter Quartile Range; Min–Max:  Minimum–Maximum; 0–4: (respectively) No 
clinical complexity, Mild clinical complexity, Moderate clinical complexity, Severe 
clinical complexity, Very severe clinical complexity; Maximum utilization on 
hospital level was 100% on the day with the most patients admitted during the year 
 

Treatment-exposure strategy and distribution 

Across general hospitals, the range of capacity utilization was distinct but broad—and 

much broader in small hospitals. On the hospital level, then, 85th-percentile capacity 

utilization, which we considered the safety tipping point for high exposure,[3] was 

unique for each institution. Details of exposure to high capacity utilization—reaching 

the cutoffs evaluated per hospital type—are explored in Figure 2. For university 

hospitals tipping points ranged from 92.8% to 95.9%; for tertiary care hospitals they 

ranged from 81.4% to 93.5%; for large basic hospitals from 77.4% to 90.9%; for medium 

basic hospitals from 64.9% to 86.8%; and for small basic hospitals from 42.1% to 91.1%. 

The distribution of safety tipping points across hospital types is synthesized in online 

supplementary figure S2. The total study population was exposed to 6,867,658 

hospital days, of which 1,279,021 (18.6%) included high capacity utilization. The 

distribution of patient treatment-exposure days by hospital type is shown in the 

online supplementary table S2. The robustness of the safety tipping point analysis, 

using cutoffs different than the 85th percentile of capacity utilization, is demonstrated 

in online supplementary table S3. These results appear consistent with one another. 

Hospital 
Types 

Number 
of 
hospitals 

Capacity utilization (%) Patient turnover (%) Patient clinical complexity 
level (0-4) 

 N Median 
(IQR) 

Min–Max Median 
(IQR) 

Min–Max Median 
(IQR) 

Min–Max 

University 
Hospitals 

5 89.3  
(83.3–93.5) 

55.8–100 21.8  
(17.1–29.4) 

5.7–38.7 2.06  
(2.05–2.07) 

0.81–2.57 

Tertiary 
care 
hospitals 

39 79.5  
(72.5–86) 

27.3–100 29.3  
(23.9–34.1) 

2.7–54.6 1.78  
(1.78–1.79) 

0.42–2.75 

Large basic 
hospitals 

15 72.3  
(62.9–81.1) 

13.1–100 33.3  
(25.9–39) 

0–75.4 1.46  
(1.45–1.47) 

0.09–2.50 

Medium 
basic 
hospitals 

27 66.4  
(55.1–76.5) 

5.9–100 34.5  
(27.5–41.5) 

0–109.1 1.26  
(1.25–1.27) 

0.00–2.93 

Small basic 
hospitals 

16 59.1  
(41–76.7) 

1.7–100 21.4  
(5.9–37) 

0–200 1.65  
(1.63–1.67) 

0.00–4.00 
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Figure 2. Violin plots showing the density distribution of daily capacity utilization 
(exposure) across 102 Swiss general hospitals for a study year with 85th percentile 
(safety tipping point) and mean capacity utilization per hospital type 
 

Causal effect of capacity utilization on in-hospital mortality 

The MSMs fitted via GEE (and including stabilized IPTW) allow weighted estimates 

of the causal effect of exposure to high capacity utilization on mortality (Table 3). One 

additional day of exposure to high capacity utilization increases the odds of 14-day 

in-hospital mortality by 2% (OR 1.02, 95% CI: 1.01 to 1.03). The distribution of 

computed stabilized weights was characterized by a median (IQR) of 0.99 (0.93 to 

1.05), Min–Max equal to 0.17–18.8 and a mean of 1.00. The density distribution of the 

stabilized IPTW is shown in the online supplementary figure S3. 

For comparison, we also report odds ratios from the same multivariable logistic model 

as for the MSM—still using GEEs but without IPTW; therefore, this model is not 
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adjusted for time-varying confounders. Using this model, an additional day of 

exposure to high capacity utilization was associated with only a 1% increase in the 

odds of 14-day in-hospital mortality (OR 1.01, 95% CI: 1.00 to 1.02).  

Our analysis also highlights other associations. E.g., the odds of dying are 9% higher 

during weekends than on weekdays; and the odds of dying are higher for higher Swiss 

comorbidity weighting scores. Moreover, the odds of dying are considerably higher 

in small basic hospitals than in university hospitals. And the alternative analysis of 

the total/short term effect of high capacity utilization yielded 10% higher odds of 14-

day mortality. As expected, truncating the lowest and uppermost 1% of the IPTW data 

resulted in a slightly reduced effect but greater precision (online supplementary table 

S4 and table S5).  

Table 3. The adjusted effects of cumulative daily exposure to high capacity 
utilization on 14-day in-hospital mortality without and with IPTW (MSM) 

 Without IPTW With IPTW (MSM) 
 Estimate 

 
p-value Odds Ratio 

(95% CI) 
Estimate 
 

p-value Causal Odds 
Ratio (95% CI) 

Daily exposure to 
Capacity Utilization 

      

- Below 85th 
percentile 

Reference  1 Reference  1 

- 85th percentile and 
above 

0.012 <0.05** 1.01 
(1.00 to 1.02) 

0.016 <0.001*** 1.02 
(1.01 to 1.03) 

Other adjusted variables 
Weekdays       
- Weekday Reference   Reference   
- Weekend 0.091 <0.001*** 1.10 

(1.06 to 1.13) 
0.088 <0.001*** 1.09 

(1.05 to 1.13) 
Hospital types       
- University (level 1) Reference  1 Reference  1 
- Tertiary care (level 

2) 
0.020 0.312 1.02 

(0.98 to 1.06) 
0.022 0.25 1.02 

(0.98 to 1.06) 
- Large basic (level 

3) 
-0.148 <0.001*** 0.86 

(0.80 to 0.92) 
-0.141 <0.001*** 0.87 

(0.81 to 0.93) 
- Medium basic 

(level 4) 
-0.115 <0.001*** 0.89 

(0.83 to 0.95) 
-0.121 <0.001*** 0.89 

(0.83 to 0.95) 
- Small basic (level 

5) 
0.219 <0.001*** 1.24 

(1.12 to 1.38) 
0.512 <0.001*** 1.67 

(1.46 to 1.90) 
Elixhauser index 
(Swiss Comorbidity 
weights) 

      

- < 0 Reference  1 Reference  1 
- =0 1.090 <0.001*** 2.97 

(2.71 to 3.26) 
1.090 <0.001*** 2.97 

(2.71 to 3.26) 
- >0 to <5 0.847 <0.001*** 2.33 

(2.10 to 2.60) 
0.865 <0.001*** 2.38 

(2.13 to 2.65) 
- ≥5 2.060 <0.001*** 7.82 

(7.22 to 8.49) 
2.080 <0.001*** 8.01 

(7.38 to 8.70) 
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Age (5-year groups) 0.028 <0.001*** 1.03 
(1.03 to 1.03) 

0.028 <0.001*** 1.03 
(1.02 to 1.03) 

Sex       
- Male Reference  1 Reference  1 
- Female -0.266 <0.001*** 0.76 

(0.74 to 0.79) 
-0.270 <0.001*** 0.76 

(0.74 to 0.79) 
Significance codes:  ***p <0.001, **p <0.01, *p <0.05  
IPTW: Inverse Probability of Treatment/exposure Weight of capacity utilization 
≥85th percentile for daily-varying confounders, patient turnover and PCCL (Patient 
Clinical Complexity Level).  
 

5.5 Discussion 

This observational study examined the causal effect of capacity utilization on in-

hospital mortality using one-year patient population data from all 102 Swiss general 

hospitals.  To represent the collective knowledge from the literature we drafted causal 

DAGs. These captured the influence of time-varying confounders and time-fixed 

covariates on capacity utilization and in-hospital mortality. The final one identified 

TCF when unmeasured variables (e.g., staffing) influenced both mortality and patient 

turnover on consecutive days. With an increase of one day in the cumulative number 

of days for which capacity utilization was high, there was a 2% increase in the odds 

of 14-day mortality. Increasing the cumulative exposure to high capacity utilization 

by three days yielded a 4.9% increase in the odds of 14-day in-hospital mortality. 

Based on our findings, using IPTW for MSM produced an estimate closer to the reality, 

i.e., we determined by adjusting all time-varying and time-fixed confounders we 

could think of via our DAG.  

The distribution of the study hospitals’ capacity utilization showed that each hospital 

has its safety tipping point. This depends on each hospital’s size, available services 

and resources, with smaller hospitals showing lower and larger hospitals higher 

tipping points. Madsen et al.’s 2014 study in 72 Danish hospitals used 80–85% for high 

bed occupancy, correlating this with a 9% increase in mortality [2]. Another study in 

83 German hospitals placed the tipping point at 92.5% [3], showing one in seven 

deaths was possibly related to high occupancy. As these studies took bed occupancy 

at the time of admission and did not trace cumulative exposure over each hospital 

stay, their effects appear larger than they are. Moreover, they considered only one 

specific cut-off for all studied hospitals; therefore, they may not have adequately 

captured inter-hospital variations in safety tipping points.     
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This is a large-scale study examining multiple factors that influence capacity 

utilization and the potential causal effect of capacity utilization on mortality. For 

instance, we also observed the weekend effect in Swiss hospitals. Similar effects were 

also seen in a study in Danish hospitals [2] and in others conducted in UK and US 

hospitals [43,44], all of which may also have been influenced by staffing patterns [44].  

Furthermore, the odds of dying were also higher for patients with higher comorbidity 

weighting scores [24]. These scores showed results similar to those of earlier studies 

in Canada and the US [45,46]. Overall, though, the relationships those studies 

identified between capacity utilization and in-hospital mortality also showed the 

relationship was confounded by care demand factors including comorbidities and 

staff composition.  

As noted, to eliminate the effect of TCF, we computed IPTW for each case. This 

required including and evaluating time-varying confounders, e.g., daily patient 

turnover, average daily PCCL value, alongside time-fixed variables. To our 

knowledge, this is the first use of a G-method [6] (e.g., fitting MSMs with IPTW[20]) to 

assess the causal effect of capacity utilization on in-hospital mortality.  

Methodologically, then, this study differs in one major way from others that have used 

traditional methods of risk adjustment:[26] it is the first to adjust for the bias of TCF 

[2,47]. Further, DAGs allowed us to explore the qualitative relationships that link 

unmeasured variables such as staffing levels [34,48] with both confounders and 

outcomes. A study in English general hospitals [34] showed a 3% increase in in-

hospital mortality among patients cared for by multiple nursing staff (RNs and 

nursing assistants). While our data did not include the daily staffing variable but we 

included it as an unmeasured variable in our DAG to visualize the TCF. Afterwards, 

we believe that IPTW-informed MSMs corrected our estimates.  

From a hospital-managerial perspective, uncovering substantial changes in capacity 

utilization over time calls for accurate monitoring of capacity utilization and its 

distribution. Shifts in daily capacity utilization change resource/staff needs, e.g., 

weekend workloads demand more staff. Volatile capacity utilization might lower the 

safety tipping points in small hospitals. It could also have negative impacts during 

periods of increased patient flow (e.g., during the COVID-19 crisis). In small basic 
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hospitals, dynamic capacity utilization might even partly explain why their odds of 

inpatient mortality are so much higher than in university hospitals.  

This study had certain notable limitations. Firstly, Swiss data protection regulations 

prevented us from linking patient data from one year to another. Therefore, we were 

unable to construct full datasets for patients admitted over the entire study year. 

Secondly, assumptions [19,20] of causal inferences also applied to our study. For 

example, although we tried to include unmeasured variable (e.g., staffing) in our 

DAG, we considered applying the ignorability assumption [19,49]. However, we 

realized there might be a chain of confounders affecting the relationship, e.g., patients’ 

previous experiences with hospital services. Another was positivity [19,49], which we 

tried to address by using the 85th percentile (of each hospital’s highest occupancy) as 

a tipping point of high exposure across all hospitals, rather than 85% of full capacity 

utilization. However, for some cases, a very short length of stay could either have high 

exposure or low exposure. The third important assumption was that our chosen IPTW 

model is correctly specified. As models to estimate IPTW for large datasets can specify 

widespread weights, misspecification can occur [49]. We verified that the average 

IPTW was 1.0 and observed that min-max values were not particularly extreme. To 

gauge the extent of possible misspecifications, then, we also calculated estimates with 

1% truncations of each specified weighting [49].  

 

5.6 Conclusion 

This observational study aimed to evaluate the causal effect of capacity utilization on 

14-day in-hospital mortality in Swiss general hospitals. To adjust for time-varying 

confounding and to estimate causal effect via MSM, we employed IPTW. Using 

literature and expert knowledge, directed acyclic graphs (DAGs) allowed us to 

determine time-varying exposure, confounders and fixed covariates. Our analyses 

indicated that a one-day increase in cumulative exposure to high capacity utilization 

caused a 2% increase in the odds of 14-day in-hospital mortality. Safety tipping points 

varied across hospitals, depending on each institution’s distribution of capacity 

utilization throughout the year. Some hospitals’ widely distributed capacity 

utilization might have impaired their responsiveness to changing demands, possibly 

resulting in adverse outcomes including mortality. Finally, hospitals need both to 
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understand the risk of high capacity utilization and to know when they reach their 

safety tipping points: administrators must ensure that resources—especially 

staffing—safely meet daily care demands. 
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In this final chapter, the results of chapters three to five of this dissertation are 

synthesized and key findings are discussed. Moreover, the methodological strength 

and limitations of the dissertation are described. The last section of this chapter 

provides implications to explore time-varying and time-fix factors and to apply causal 

inference in health service research and its application in hospital settings to improve 

patient safety and quality of care.   

 

6.1 Key findings 

In the first study phase, we conducted a longitudinal analysis of the variation of care 

demands in Swiss general hospitals. Our findings indicated the daily variation of care 

demand through capacity utilization, patient turnover, and patient clinical complexity 

level (PCCL) across 102 hospitals. Average daily capacity utilization and daily PCCL 

were highest in university hospitals while patient turnover was lowest as compared 

with the other hospital types. Similarly, patient turnover was highest in medium basic 

hospitals while showing the lowest PCCL levels, and capacity utilization were lowest 

in small basic hospitals. Overall, there was a substantial variation of all three care 

demand measures per day, days of the week, weekend vs weekdays, and seasons 

throughout the year across the hospitals. This study provided a better understanding 

of the variation of patients’ daily exposure to possible pressure zones in hospitals 

through three care demand measures (Chapter 3).  

In Chapter 4 we reported on the investigation of comorbidities of Swiss hospital 

patients as an indicator for complex patients, predicting in-hospital mortality. A new 

Swiss comorbidity weight was developed for the Elixhauser comorbidity index from 

a large inpatient sample. The new comorbidity weights were then validated in a 

different patient sample by comparing the new weights to two internationally used 

comorbidity weights to predict in-hospital mortality. The predictive performance of 

in-hospital mortality for the new Swiss weights was slightly higher than the predictive 

performance of the previously used Elixhauser-based van Walraven weights and 

Charlson weights. These findings support that patient population-based analysis of 

in-hospital mortality and seeking country or specific cohort-based weightings. 

Moreover, the comorbidity weighting score of each patient is the important individual 
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level confounder and the predictor of in-hospital mortality and for risk-adjustment 

models.  

Finally, in Chapter 5, we described and assessed time-varying variables (daily 

capacity utilization, daily patient turnover, and daily PCCL value) and time-fixed 

covariates including comorbidity weighting score through literature and expert 

knowledge building directed acyclic graphs (DAGs), to estimate the causal effect of 

capacity utilization on in-hospital mortality. Grounded on the DAG and an exposure 

strategy of capacity utilization based on 85-percentile of safety tipping points in Swiss 

hospitals, causal effects of capacity utilization on in-hospital mortality were estimated 

with inverse probability of treatment weights (IPTW) for the marginal structure model 

(MSM). Safety tipping points of high capacity utilization ranged between 42.1% to 

95.9% across the Swiss general hospitals. There was a 2% increase in odds of 14-day 

in-hospital mortality, for each additional day of patients exposed to high capacity 

utilization.  

 

6.2 System approach for patient safety in hospitals  

Hospital is a system, that applies scientific insights to understand the major inputs 

like care demand (patient volume and complexity) and care supply (staff level) to 

obtain outputs (e.g., quality of care). A mismatch between care demand and care 

supply consequently leads to patient safety issues in hospitals [1,2]. Thus, hospitals 

try to balance the variability of daily care demand and supply, to prevent strain in the 

hospital system and to reduce adverse patient outcomes [2]. Previous studies have 

shown that the higher workload of hospital care providers decreases care service rates 

[3], which might be due to the relatively lower flexibility of supply (e.g., staffing) than 

care demand (e.g., patients’ volume) [3,4]. This dissertation mainly targeted the care 

demand as a major component of the hospital system and provided new insights on 

its causal link with patient safety and in-hospital mortality. 

 

6.2.1 Care demand as a leading component of safety tipping points 

As described in Chapter 1, in the iceberg model of system thinking, incidents (e.g., all-

cause mortality) occurring in hospitals might be the results of underlying hospital 

structures and service processes (e.g., teamwork, communication), and the 
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patterns/trends of the causes, like variation of daily capacity utilization [5].  The 

structures of hospitals, patient volume, and disease severity cumulatively represent 

the care demand in the hospital and therefore refer to total workload. For instance, 

larger hospitals accommodate higher patient volumes and higher complexity of 

diseases [6] (care demand) than smaller hospitals. Yet, the higher care demand 

requires higher resources (e.g., more staff or higher cost) to accommodate the total 

workload [7]. The foremost part of the dissertation analyzed care demands in Swiss 

hospitals with measures of capacity utilization, patient turnover, and PCCL (Chapter 

3). The variation on care demand represents the major component of the system 

approach depending on the types of Swiss hospitals, trend/patterns of the causes 

throughout the year. 

The findings of our study showed capacity utilization in larger hospitals was higher 

than in small hospitals. Since we measured daily care demand, we could describe 

demand variation by days of the week, weekends, seasons, and during holidays. 

Moreover, other studies conducted in US hospitals revealed that the average bed 

occupancies increase with the increasing number of beds in the hospitals [8,9]. Studies 

have shown that capacity utilization is lower by 20% on the weekends [10,11], which 

is due to the limited staff and services at these times [12].  Similarly, studies have also 

shown the hospital admissions were significantly higher in the winter than in other 

seasons [13] and during holidays (e.g., Christmas) hospital discharges were relatively 

high [13,14]. These changes result, high capacity utilization during some days of the 

year which crossed safety tipping points with the higher patient risk of death or 

adverse events.    

Daily patient turnover another component of care demand which was lower in 

university hospitals compared to smaller hospitals, since larger hospitals have not 

only high occupancy rates but also longer length of stay compared to smaller hospitals 

[8]. Patients’ turnover is generally measured with the percentage of daily patient 

admissions, discharges, and transfers within the units of the hospital from the total 

patient count of that day [15,16]. Some studies used the inverse of the length of stay 

(1/LOS) [17,18] as an average measure of turnover from the admission and discharged 

patients in hospitals or units. However, we used daily patients’ admissions and 

discharges over the total patient count of that day in the hospital as a bottom-up 
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approach. Patient turnover and its variability were higher during weekdays and lower 

at the weekends, with similar findings in another study done in a Swiss university 

hospital [4]. This shift of patient turnover entails a lower workload during the 

weekend [19,20] and the differences in care provision between weekdays and 

weekends [21]. Similarly, in our study lower patient turnover was also observed 

during holidays (e.g., Summer, or Easter) and at the end of the year (e.g., Christmas), 

which was influenced by the higher number of patient discharges and lower 

admissions. Discharged patients during holidays and at the end of the year might 

have prompt outpatient follow-up and a higher risk of death or readmission [14].    

Another measure of care demand was the patient’s severity or complexity of diseases 

in hospitals. Even though some studies used comorbidity or multi-morbidity or case-

mix index for measuring patient’s severity [22,23], we used PCCL (a cumulative 

measure of comorbidities and complexities) [24] with levels of severity ranging from 

0-4: no clinical complexity to very severe clinical complexity. Unlike the case-mix 

index, PCCL  depicts a patient’s health conditions (ICD 10 codes) and is less influenced 

by treatment costs and DRG algorithms [25] representing one component of care 

demand in hospitals. Unsurprisingly our study showed the highest daily PCCL values 

in university hospitals and lowest value in smaller hospitals, which was in line with 

similar observations of the highest disease complexity in university hospitals [8,25].  

Interestingly, PCCL was higher in small basic hospitals than in large and medium 

basic hospitals in Switzerland. This difference might be due to older patients admitted 

to smaller hospitals due to the geographic proximity [26] and more often, general 

medical problems are treated in small hospitals.  Moreover, daily PCCL was highest 

at the weekends, showing more complex patients staying over the weekend and less 

severe cases being discharged before the weekend. This difference might be one of the 

reasons for the weekend effect in hospitals [16,27], with more complex patients being 

exposed to low-staffed hospitals providing fewer hospital services during the 

weekend [16]. However, there are few studies considering disease complexity or 

severity as a care demand perspective [28,29] and included not yet for causal analysis. 

Yet, our study (Chapter 3) accounted for both components of headcounts and severity 

in a longitudinal analysis. 
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6.2.2 Care supply and individual covariates of patient safety 

We explored mainly three measures of care demand in hospitals in Chapter 3: capacity 

utilization, patient turnover, and PCCL. The care supply (e.g., staffing, types of 

hospitals with different services) also influences patients’ safety in hospitals [1,30,31]. 

An English longitudinal hospital study showed an additional 3% increase in in-

hospital mortality for each day a patient was exposed to RN staffing below the unit 

mean [41]. Thus, staffing was explored as an unmeasured variable via DAG being an 

important dimension of a hospital system, which enabled us to use an alternative 

method for estimating the causal effect of capacity utilization on in-hospital mortality. 

Therefore, staffing is an important dimension of the system approach, which depends 

on the policy and care models in place in the healthcare system [32]. Activity-based 

funding policies like the Swiss Diagnosis-Related Groups (DRG) [33] try to enhance 

efficiency by reducing inputs (e.g., staffing or cost) and maximizing outputs [34,35].  

Studies have shown patient outcomes like failure to rescue, pressure ulcers, falls, 

infections, and postoperative sepsis are associated with lower staffing of registered 

nurses (RN) in hospitals  [36-38]. Furthermore, as described in Chapter 1, different 

healthcare professionals provide care for patients, but differences in skills between 

healthcare professionals can also result in differences in patient safety outcomes. For 

instance, studies have shown the low RN staffing is associated with poorer healthcare 

quality [39,40]. Staffing was considered one of the dimensions influencing the risk 

adjustment model in healthcare.  

Care supply also differs between hospital types depending on the available services 

and geography. Some hospitals have high resources and some are operating with low 

resources, mainly because of the population coverage (e.g., Cities vs countryside) and 

specialized services [42]. Alongside the resources, the service provided by them 

differs, meaning university hospitals have high capacity and patient’s severity 

(Chapter 3) and consuming more resources while providing a variety of (specialized) 

services  [43] (e.g., to operate as university hospitals in Switzerland must have >100 

cumulative service points (units) as per Swiss Medical Association) [44]. Relatively, 

smaller hospitals have lower capacity and less severe patient cases with lower service 

points [42]. Moreover, the Swiss hospitals experienced the diversity, by ecology, 

languages, and safety culture of German, French and Italian speaking regions [45]. 
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These differences were included in our study with hospital-level having an 

anonymous hospital ID, hospital types representing the difference in services, hospital 

size, and hospital coverage.  

Moreover, other individual covariates [46] such as age, sex, comorbidities [47,48] are 

important predictors of in-patient mortality as described in Chapter 1. For instance, 

hospital-acquired infections by age groups, i.e., children are less likely to be infected 

than the aging population [49]. With the aging patient population, comorbidities are 

an important individual factor to link non-clinical and clinical issues (e.g.,  substance 

abuse and mental illness) through comorbidity score [46]. Thus, individual 

comorbidities were considered a strong predictor of adverse events and in-hospital 

mortality, and it’s used for risk adjustment of exposure and outcomes [50-52].    

 

6.3 Comorbidity weighting systems to predict in-hospital mortality 

Patients' clinical conditions or combined burden of diseases can be grouped in 

comorbidity indices as described in Chapter 1. Applying the weights of each 

comorbidity with the comorbidity indices (i.e., Charlson and Elixhauser) helped to 

derive a weighted summary score of hospital patients (Chapter 4). Depending on the 

patient population or specific group of patients (e.g., cancer or surgical) new 

weightings for each Elixhauser comorbidity were developed [50-53] in the past. 

Among them, Charlson [53] and van-Walraven [52] weights are the most popular 

weighting systems to predict in-hospital mortality. However, these weights used one 

hospital for the derivation of comorbidity weights with limiting evidence of the 

comorbidity weights representing the national wide patient population. Population-

based comorbidity weights from the different hospital types might improve the 

prediction of in-hospital mortality. Moreover, the comorbidity weighting system 

differs between all hospitalizations and a restricted cohort; mortality and other 

outcomes; and between the countries [46,54]. Therefore, an analysis of a large 

heterogeneous patient population from a Swiss national dataset justified an overview 

of Elixhauser comorbidities in a European sample and optimized the comorbidity 

weights [46].  

Justifying the need for new weights from a heterogenous Swiss patient population 

was further acknowledged from the validation process applied in Chapter 4. Firstly, 
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the weighting system via a cumulative score for each patient provides an individual 

representation of each patient’s case diagnosed with one or more comorbidities from 

the 31 comorbidities list of the Elixhauser index [51]. Secondly, the cumulative score 

is easily handled for the risk adjustment modeling reducing the overfitting bias [55] 

of many variables in smaller datasets and reducing the computation complexities in 

large datasets. Furthermore, our study clarifies the process, using c-statistics to 

validate the new comorbidity weights using validation samples in six years which was 

persuaded to k-fold cross-validation [56] in machine learning. A similar approach for 

validating derived algorithms was used in studies related to predictive modeling of 

health outcomes [52,56,57]. The small differences in c-statistic in our study between 

Swiss and van-Walraven models were further validated through the visualization of 

receiver-operating characteristic (ROC) curves and net reclassification improvement 

(NRI) as novel methods [58,59]. Both the methods justified the differences between the 

models ranking Swiss, van-Walraven, and Charlson comorbidity weights models. 

Thus, given access to similar data, researchers could derive country- or region-specific 

comorbidity weights, and hospital managers could identify high-risk patient groups 

[60] and evaluate the performance of the hospitals via benchmarking or provider 

profiling [61] using comorbidity weighting scores.  

Finally, for risk adjustment models of health outcomes, individual comorbidities and 

the comorbidities weighting score of each patient accurately justify exposure and 

outcome [62,63]. For the casual models, comorbidities are the confounders [11,64] 

which could influence both the hospital exposures and outcomes. Moreover, it could 

interact with other individual patient and system-level variables (e.g., age, sex, 

hospital types) and need careful adjustment for outcome prediction, describing 

patient populations, and causal effect estimation.  

 
6.4 Causal inference using routine data in hospitals 
 
As described in Chapter 1, causal inference is a core task of science, regardless of 

whether the study is randomized or observational [65,66]. Many journal editors 

request to avoid causal language [67], without being able to make explicit references 

to causal effects and many observational studies can only be expressed in a 

meandering way of “association” or “impact” or “benefit”[66]. Another common 
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phrase in this context is “association is not causation” [68,69] because the methods 

used to estimate causal effects are not the same as those used to estimate association. 

We agree, in fact, confounding is always present, and therefore association is not 

necessarily causation for both randomized and observational studies [66]. However, 

we feel more confident for the estimate of randomized trials, giving a causal 

interpretation than the observation study. However conducting RCTs with a large 

sample to quantify the long-term causal effect is considered unethical when we are 

interested in potentially unhealthy exposures [70] (e.g., smoking and lung cancer) [66]. 

Thus, observational data provide a means towards the ends of a natural experiment 

[71], which needs causal language to describe research aims and evaluate them using 

scientific methods.  

Avoiding the causal language in an observational study makes it impossible to 

express the research aims unambiguously [66]. Subsequently, the question of 

causation is appropriate in the title and in the introduction section to describe causal 

phenomenon towards the aims, in methods explaining the possible ways of estimating 

causal effects and in discussion providing arguments for and against the causal 

interpretation of a causal model in an observational study [66,70]. This applies also to 

capacity utilization and in-hospital mortality, and where it is not feasible to conduct 

an RCT. In health service research, it’s important to define variables as exposures, 

confounders, and outcomes, from individual and hospital- levels and time-dependent 

variables, as done in earlier chapters. Nevertheless, one aim of this dissertation was to 

assess our causal question through a DAG in an observational study and to estimate 

the causal effect of capacity utilization on in-hospital mortality using routine hospital 

data from the Swiss patient population (Chapter 5).  

 

6.4.1 Investigating safety tipping points via capacity utilization  

It’s difficult to identify safety tipping points for a group of hospitals, since the service, 

patient’s volume, and complexity differ with the types and context of hospitals. The 

study conducted by Kuntz et al. entailed safety tipping points when higher in-hospital 

mortality was seen above 92.5% of capacity utilization in German hospitals [72]. 

However, daily variability of capacity utilization fluctuates, on some days patients are 

exposed to high capacity utilization and on some days to lower capacity utilization. 
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After a thorough analysis, the single tipping point of capacity utilization across all 

Swiss hospitals didn’t reflect the variability of capacity utilization between hospitals 

throughout the year. Studies from Denmark and England have suggested between 80-

90% of capacity utilization as a single tipping point in hospitals [11,73,74]. However, 

we explored safety tipping points based on the distribution of capacity utilization in 

each Swiss hospital at the 85th percentile (Chapter 5). The robustness of choosing the 

85th percentile was also evaluated choosing the other possible points around the 85th 

percentile [72]. As the distribution of capacity utilization varied widely from the 

university to the small basic hospitals resulting in tipping points for each of the 102 

hospitals. Thus, the average tipping point for Swiss university hospitals was 94.8%, 

which was close to German hospitals in the study done by Kuntz et al. in 2014. 

However, for Swiss small basic hospitals, the average daily tipping point was 73.5% 

with a wide range from 42.1% to 91.1%. Each of the Swiss general hospitals has its 

own safety tipping point and it was further synthesized as the distribution of tipping 

points by hospital types (Figure 6.1), which is a different approach from a single 

tipping point across all hospitals used in the past [72].  The tipping points for each of 

the hospitals were used as a cut-off for exposure to high and low-capacity utilization 

(exposure/treatment strategy) for estimating the causal effect of capacity utilization 

on in-hospital mortality.  

 
Figure 6.1. Distribution of safety tipping points and vertical line is an average 
tipping point across Swiss hospital types 
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From the managerial point of view, when safety tipping points are reached, the 

hospital will experience a quality problem, which may threaten the survival of the 

patients and also the quality of care.  The variability of capacity utilization in small 

hospitals is more extreme having some hospitals with relatively low tipping points 

(e.g., 42.1%), which also indicates that during some days these hospitals experienced 

more than twice as many patients as on average approaching their maximum capacity. 

For instance, in small hospitals during the COVID-19 pandemic, capacity utilization 

tipping points [75] changed as the flow of patients was higher compared to the 

condition before COVID-19 [76]. Thus, a study like INVEST is required for the 

assessment of new tipping points. Moreover, small Swiss hospitals having widely 

distributed capacity utilization, and lower tipping points showed very few patient 

admissions, or on some days there were no inpatients at all. This raised the question 

of the need for those hospitals or to reduce the number of hospitals in some regions of 

Switzerland. Having the wide distribution of capacity utilization in a Swiss hospital 

at a policy level, planning the number of hospitals [77], capacity pooling [72], and 

workload smoothing during high patient flow could be alternative measures to 

control the negative health outcomes after reaching/crossing safety tipping points.   

6.4.2 Causal effect of capacity utilization on in-hospital mortality 

Investigating causal effects of capacity utilization on in-hospital mortality in hospitals 

with a patient population is challenging. Since the patient population in hospitals are 

heterogeneous alongside the different grade of clinical complexity and diseases. With 

the patient's complexity, the time-varying nature of capacity utilization varies daily 

throughout the year. Additionally, time-varying confounders like patient turnover 

and PCCL are linked with exposure, i.e., daily capacity utilization and outcome, i.e., 

in-hospital mortality. Nevertheless, one aim of this dissertation was to investigate 

daily capacity utilization, daily patient turnover, and average daily PCCL value via 

DAG to estimate the causal effect of capacity utilization on in-hospital mortality. 

Covariates of capacity utilization and in-hospital mortality were explored using 

DAGs, where evidence from literature and expert knowledge was used. We followed 

the DAG building steps of Hernán and Robins for time-varying variables [65] by 

adding time-fixed covariates and unmeasured variables which is somehow similar to 
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the formal process of evidence synthesis-DAG (mapping, translation, and integration) 

introduced by Ferguson et al. [78]. With Time-varying confounders (daily patient 

turnover and daily PCCL) of capacity utilization and mortality, individual variables 

(age, sex, comorbidity score) were added as fixed covariates in the DAG linking with 

both, exposures and outcomes. Furthermore, an unmeasured variable (e.g., staffing) 

was also added in the DAG, as there was evidence that staffing patterns in hospitals 

might influence patient turnover and mortality [41] showing treatment-confounder 

feedback (TCF) [65].  

TCF was identified through DAG with the unmeasured variable (staffing) in our 

dataset which is called causal insufficient or latent confounding [78,79]. This condition 

of having TCF in a longitudinal study is not identified in traditional observational 

studies e.g., outcome regression or generalized estimating equation (GEE). Thus, the 

traditional methods with time-varying variables hold the bias which is not eliminated  

[65,79,80]. Including unmeasured variable in a DAG identify TCF with time-varying 

variables which are visually identified during the DAG building process [80], which 

is an additional advantage of using DAG in causal inference and enabled us to choose 

an alternative method of causal effect estimation e.g., MSM. 

Based on the causal DAG and treatment (exposure) strategy of safety tipping points 

we took longitudinal exposure of patients for 14-days from the day of admission, since 

it covers 90% of discharged patients. Though complex, IPTW for MSM was used for 

time-varying variables to estimate the causal effect of capacity utilization on 14-day 

in-hospital mortality. MSM yielded a 2% increase in the odds of 14-day in-hospital 

mortality when patients were exposed to an additional day of high capacity 

utilization. The difference in estimate was identified while comparing to the GEE 

model without IPTW [81]. Thus, IPTW balanced the exposures of patients between 

low-capacity utilization and high capacity utilization, as we do randomization of 

patients in the control and treated group in RCT [82].  With this method we believe, 

IPTW for MSM eliminates biases (TCF with unmeasured variable (e.g., staffing) and 

non-randomization of exposure groups) [66] compared to traditional regression 

methods (e.g., GEE) for time-varying variables or outcome regressions in 

observational studies [65,81,83]. This shows IPTW for MSM in causal inference 

estimated the effect close to reality.  
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Comparing results, a study conducted in Danish hospitals reported high capacity 

utilization was associated with a significant 9% increase in-hospital mortality [11]. 

Another study in an English general hospital, by reducing bed occupancy from 93.7% 

to 90.2% decreased all markers of mortality (4.5-4.8%) [73].  However, both studies did 

not incorporate the natural change in occupancy rates during the hospital stay from 

the admission day and did not figure out TCF.  Additionally, our study included daily 

cumulative exposure, when the patients exposed to additional three days of high 

capacity utilization in Swiss hospitals could yield a 4.9% increase in odds of 14-days 

of in-hospital mortality. This showed a relative increase in the odds of mortality with 

many days of exposure to high capacity utilization. 

The adjusted variables in MSM also hold meaningful information while drawing the 

causal interpretation of capacity utilization and in-hospital mortality. The cumulative 

comorbidity score of each patient was an important individual confounder, showing 

the risk of dying increased with an increasing score. Studies conducted in the US and 

Canada [50,52] also showed comorbidities are important confounders for risk 

adjustment. Another important indication was the weekend effect in Swiss hospitals. 

Similar results of weekend effects were observed in UK hospitals, ranging from 2 to 

10% [84-86]. Finally, types of hospitals hold an interesting result in our study, that the 

odds of dying in small basic hospitals was higher than in university hospitals, 

showing the variability of Swiss hospitals or possibly systemic threat/risk for patients 

treated in small hospitals.    

Finally, with IPTW for MSM, we tried to adjust possible time-varying covariates, 

confounders, and unmeasured variables in the model to draw causal interpretation, 

applying identifiability assumptions [65], even though we have large routine data. 

This suggests future research could include staffing/skill-mix or process factors like 

leadership, safety climate dimensions into the causal model to reflect reality in 

broader perspectives and to meet ignorability assumptions. Other G-methods 

proposed by Robin [87], parametric g-formula, and g-computation are the alternatives 

to MSM [88] which need further exploration with longitudinal/continuous exposures 

or with different data structures [87]. Even though these methods are often used in 

epidemiology or RCT, it was our opportunity to explore with hospital data and to 

increase its scope in observational health service research.    
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6.5 Strength and limitation of the dissertation 
 
This dissertation (“INVEST study”) is the first study in Switzerland utilizing multi-

million routine hospital data guided by the iceberg model of system thinking to 

examine safety tipping points in Swiss hospitals from a causal inference perspective. 

Moreover, causal modeling contributed significantly to understand the link between 

capacity utilization and in-hospital mortality from the safety tipping phenomenon in 

hospitals. The knowledge gained through this dissertation can be translated to 

healthcare services to monitor/plan care demand and supply longitudinally, 

prediction of health outcomes via comorbidities adjustment, and causal inference in 

observational studies.  

Care demand variation in all Swiss hospitals was explored longitudinally for daily 

capacity utilization, patient turnover, and PCCL which are among the main drivers in 

the hospital system guiding care supply and resource utilization. The opportunity to 

observe care demand in all general hospitals and hospital types enabled us to consider 

the context of hospitals or hospital characteristics for further analyses.  This showed 

when hospitals are strained, indicating the time-varying causal elements of the system 

thinking and where hospital managers/clinicians need attention for providing safe 

care.    

Comorbidity being an individual covariate, it was also our opportunity to utilized all 

six-year data for the derivation of new Swiss comorbidity weights using the 

Elixhauser index. Swiss comorbidity weights performed slightly better than 

Elixhauser van-Walveren and Charlson weights in the Swiss patient population. New 

weights could be generalized for the prediction of health outcomes including in-

hospital mortality locally and internationally. The new weighting enabled us to 

customize the cumulative comorbidity score as an important confounder representing 

the complexity of patients in a causal model between capacity utilization and in-

hospital mortality.   

Causal inference in an observational study provided an insight exploring variables 

through DAGs, as a novel approach in the field of health service research. DAG helped 

us to explore exposure, confounders, and outcomes for a causal model from the 

longitudinal perspective and TCF. Another to identify traditional methods of 
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stratification or regression that couldn’t handle time-varying covariates with TCF and 

proposed the alternative Robin’s G-methods [87]. Causal inference in the 

observational study provided an opportunity to measure similar causal effects from 

the routinely collected data without consuming time/resources and without 

conducting randomized experiments.    

Besides these strengths, there are also some limitations of this dissertation, namely 

regarding the availability of data, and methodological concerns of routine hospital 

data and assumptions for the causal question: 

1) Alongside the variation care demand in Swiss hospitals, we were not able to 

explore daily care supply (e.g., staffing, skill mix) in a longitudinal perspective. 

The main reason was the staffing data availability annually, which therefore 

we couldn’t use on daily basis to fit with daily care demand. For care demand, 

PCCL was explored from discharged patients, since ICD-10 codes were not 

available for patients who were not discharged. Similarly, we were not allowed 

to link data between patients across the years, due to the Swiss data protection 

regulations; 

2) In the second part of the dissertation, though we used a very large national set 

of patient discharge data for the derivation of Swiss comorbidity weights and 

validate them internally, we were not able to conduct further validation from 

the external data. This was due to the constraints of available time and 

resources and the unavailability of external data. In-hospital mortality 

prediction was based on limited variables, including comorbidity weights, 

which were extracted through ICD-10 codes recorded by nurses and physicians 

in the hospitals, where documentation bias might be an issue.   

3) In the third part of the dissertation, the major limitations were assumptions on 

the causal interpretation which are called identifiability assumptions 

(assumptions that we would have to make even if we had an infinite amount 

of data) [65]. They include mainly ignorability, positivity, and correct 

specification of standard weight used in IPTW for MSM. In the DAG building 

process and IPTW, there might be other confounders that were not included in 

the study, like staff composition or process factors like leadership or safety 

culture in hospitals. Another limitation could be dichotomous exposure using 
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safety tipping points across hospitals, which practically rules out the 

consideration of any continuous factor [65]. However, it was difficult to handle 

continuous exposure with bigger heterogeneous data. Apart from these 

assumptions, having routine data we couldn’t trace measurement errors of 

variables and couldn’t avoid the bias, as patients admitted from the last two 

weeks of the year were excluded.    

    

6.6 Implication of causal inference and its application in hospitals 

INVEST was the first study in the field of capacity utilization and in-hospital mortality 

in Swiss hospitals from a causal inference perspective. Observational studies dealing 

with routine hospital data can provide data-driven evidence for decision or policy-

making and application of those evidence in hospital settings for better patient care. 

Policymakers and hospital managers could control treatments (exposures) either via 

planning of hospital admissions and effective utilization of staffing resources based 

on daily decisions of local health care leaders with the potential of influencing health 

outcomes and costs in the long run. Based on the experiences of INVEST study, further 

research considering both demand (patient volume) and supply (staffing levels) 

dynamics of healthcare might estimate the accurate causal effect of exposures on 

outcomes in health service research.  

Firstly, the use of routine data or big data in healthcare provides information that 

could be utilized in healthcare systems under strain in a short time. Unlike RCTs, 

routine data models can provide prompt evidence for decision-making. For instance, 

the current COVID-19 pandemic is a notable example of hospitals leveraging big data 

analytics. As in our study, the increasing rise of COVID-19 cases increased capacity 

utilization and disease severity and has been utilized to forecast short-term needs of 

ICU beds and resources in Chilian hospitals using autoregressive, machine learning, 

and epidemiological models [89]. Moreover, hospital care demand analysis was 

tailored for predictive modeling of the COVID-19 pandemic based on machine 

learning risk prioritization tools to predict transfers from general wards to ICUs [90]. 

Likewise, regular studies on care demand measures could identify, weekend and 

seasonal effects of patient’s volume [4,13,28,38] and complex patients for planning 

staffing levels and resources accordingly.  
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Secondly, there is potential to use electronic health records for the prediction of health 

outcomes (like mortality or chronic disease) for better health services and research. 

This process of developing models, investigating to evaluate specific clinical and non-

clinical factors that may contribute to a person’s risk of developing a chronic disease 

or in-hospital mortality, and the evaluation of quality in hospitals or health services 

[91,92]. In our study, we tried to utilized comorbidities as clinical factors to predict in-

hospital mortality and a fair comparison was done with the existing weighting 

systems. Furthermore, comorbidity weighting system/comorbidity is one of the 

important predictors of other health outcomes like cancer [93], increase length of 

hospital stay [94], and predict hospital discharge.    

Thirdly, applying a causal inference perspective in health service research helps to 

identify more appropriate estimates of the causal relationship between capacity 

utilization and in-hospital mortality. Conducting RCTs in this context would not only 

be time and resources consuming, but even not possible as assigning patients 

randomly to high-occupancy and low-occupancy sites seem not feasible. Applying the 

causal inference methodology using routine data saves resources and time and helps 

to get to more realistic estimates closer to randomized experiments on a large scale 

[95]. As explained by Rubin in 2008, many randomized experiments should be 

duplicated in a similar sample, when designing non-randomized studies whose 

purpose is to obtain, as closely as possible the same answer of the research question 

from both ways [96]. Thus, the traditional methods of risk adjustment hold bias with 

one or another confounding due to the TCF created by time-varying covariates and 

unmeasured variables, which could be corrected using Robin’s G-methods [87]. 

Therefore, further research should look into methodological approaches to account 

for a causal relation between hospital exposures and outcomes.  

Clinical and management practice in hospitals or health care systems was another 

aspect of this dissertation. Firstly, evidence from research and experiences from 

clinical practice should be known or health care staff aware of patient’s safety issues 

are the result not only from clinical conditions or severity but also from hospital’s 

structures, trends, and patients and staff’s beliefs or values. Secondly, considering 

healthcare professional’s readiness for change, when existing models and 

organizational practices are not adequate for reducing safety issues [97]. Finally, the 
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actual change recommended should be acted in hospitals or hospital units to observe 

an impact. This process of “data, information, knowledge and practice” continuum 

“learning healthcare system cycle” [98] should be practiced in hospital settings, for 

instance, evidence from real-world data often used for drug production, pricing, and 

treatment [99,100].  

From the experiences in the INVEST study, we learned that the system approach of 

care demand and care supply is balancing the health system. In some hospitals, it 

might be beneficial to invest more resources or staff to cope with daily demand 

dynamics with some e.g., might need lower staffing and resources. For instance, 

studies have shown managing unnecessary variability of care demand (e.g., 

optimizing patient flow by limiting overcrowding [101]) reduced nursing stress and 

improved patient safety [2]. Furthermore, unit-level analysis (e.g., surgical, medical) 

of care demand are required for a more accurate estimate, particularly in large 

hospitals [4]. The variability of care demand measures across Swiss hospitals entails 

the differences in services in hospitals and units, e.g., in some days admissions coming 

from emergency surgeries might be double than planned surgeries and medical 

transfers/referral [101].    

Additionally, the insights from the INVEST study and other studies showed how 

“complex patients” are an important predictor of health outcomes like mortality. The 

complex patient was represented as a cumulative comorbidity score since every single 

patient could have multiple clinical conditions whose weighting differs [46,102]. So, 

the comorbidity count could not address the burden of several diseases in a patient. 

Comparing comorbidity weighting systems could identify the true preference of the 

health care system of the nationals or regions e.g. in the US and Europe [46]. Moreover, 

these methods could be used to identify high-risk patients for safer care and treatment 

and evaluation of hospitals' performance based on patient’s predicted outcomes 

[51,52].       

The causal effect of high capacity utilization depends on the safety tipping points of 

Swiss hospitals. Safety tipping points in Swiss hospitals are not fixed particularly at 

80% or 90% and vary with hospitals. Understanding the variability of hospitals’ 

tipping points, hospital managers and policymakers should initiate policies to lower 

the capacity utilization as soon as the tipping point is reached [103]. This could be 
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done by either increasing number of staff per bed occupancy or early discharge 

planning of elective/non-urgency patients or capacity pooling [72,103] from one 

hospital to a nearby hospital, which is one of the best examples in COVID-19 

pandemics [104]. Lastly, estimating the causal effect of system-related factor-like 

capacity utilization with mortality could be an example to investigate the effect of 

other factors like medical treatment, language preference, staffing pattern, cultural 

differences on health outcomes, using routine data. 

 
6.7 Conclusions 

Investigating patient safety in hospitals remains a challenge for healthcare system 

managers and researchers. Assessing safety tipping points via capacity utilization in 

hospitals with the causal inference perspective adds promising encounters in an 

observational study. This dissertation filled knowledge gaps at the level of patients, 

healthcare providers, policymakers, and researchers. Exploring variation of care 

demand through capacity utilization, patient turnover, and PCCL longitudinally 

provided the variability of time-varying covariates as a care demand in hospitals. At 

the same time, individual comorbidity weighting scores are based on Swiss 

population-based weights and important predictors of in-hospital mortality. 

Moreover, adjusting possible confounders with an alternative causal model via DAGs 

showed patient’s exposure to high capacity utilization has a causal effect on in-

hospital mortality. Enhancing the useability of routine data in causal inference will 

ultimately lead to better patients’ outcomes via monitoring care demand, provider 

profiling, and optimal management of healthcare resources/cost based on care 

demand.    
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Variation of daily care demand in Swiss general hospitals: a longitudinal study on 
capacity utilization, patient turnover and clinical complexity levels 
 
 
Multimedia Appendix 1 
 
Description of variables and general characteristics of study population for five 
Swiss general hospital types. 
 
 
 
Table A. Description of the study variables  

Variables Short description 

Case identifier Unique anonymous numeric identifier for each case  

Age  Age of patient in five-year groups 

Sex Patient’s sex  

Hospital identifier Unique anonymous numeric identifier for each hospital 

Hospital type Hospital FSO classification code  

Admission date Patient’s date of hospital admission  

Discharge date Patient’s date of discharge from hospital 

Primary Diagnosis  ICD-10 GM primary patient diagnosis code  

Secondary diagnosis ICD-10 GM secondary patient diagnosis code  

Procedure CHOP code for procedure taken for patient 

FSO: Federal Statistics Office; ICD-10 GM: International Classification of Diseases- 
version 10 German Modification; CHOP: Swiss Operation Classification 
 
 

 

 

 

 

 

 

 

 

 

 



Appendices chapter 3: Variation of daily care demand in Swiss general hospitals  
 

 127 

Table B. General characteristics of the study population  

CI: Confidence Interval, IQR: Intra-Quartile Range 
 
 
 

 

 

 

 

 

 

 

 

 

 
 

 

 

 Number 
of 
hospitals 

Inpatients 
(%) 
N = 1,214,875 

Discharges 
(%) 
N = 1,198,496 

Length of stay (days) 
 
N = 1,198,496 

Hospital 
Types 
 

N (%) Males Females Males Females Mean 
(95% CI) 

Median 
(IQR) 

University 
Hospitals 

5 (4.9) 116,143 
(20.5) 

120,506 
(18.6) 

113,910 
(20.4) 

118,217 
(18.5) 
 

8.76 
(8.65–8.86) 
 

4.12 
(2.04–9.12) 
 

Tertiary care 
hospitals 

39 (38.2) 339,551 
(60.0) 
 

385,766 
(59.4) 
 

335,185 
(60.1) 
 

380,624 
(59.4) 
 
 

6.06 
(6.04–6.08) 
 

3.67 
(2.04–6.96) 
 
 

Large basic 
hospitals 

15 (14.7) 49,930 
(8.8) 
 

60,708 
(9.4) 
 

49,449  
(8.9) 
 

60,123 
(9.4) 
 

5.33 
(5.29–5.37) 
 

3.33 
(1.96–5.96) 
 

Medium 
basic 
hospitals 
 

27 (26.5) 52,955 
(9.4) 
 

71,624 
(11.0) 

52,501 
(9.4) 

7,1029 
(11.1) 
 
 

4.93 
(4.9–4.97) 
 

3.25 
(1.96–5.38) 
 

Small basic 
hospitals 

16 (15.7) 7,122 (1.3) 
 

10,570 
(1.6) 
 

7,051 
(1.3) 
 

10,407 
(1.6) 
 

7.67 
(7.52–7.82) 
 

4.12 
(2.04–9.12) 
 

Total 102 (100) 565,701 
(100) 

649,174 
(100) 

558,096 
(100) 
 

640,400 
(100) 
 

6.43 
(6.40–6.46) 

3.7 
(2.00–7.00) 
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Multimedia Appendix 2 

Percentage of patient turnover by days, days of the week (Monday to Sunday) and 
weekdays vs weekend over a year for five Swiss general hospital types. 

 
Figure A. Patient turnover of Swiss general hospital types for a year (smooth curve 
with mean between CI and line chart) 
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Figure B. Patient turnover of Swiss general hospital types with mean between CI in 
days of the week  
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Figure C. Patient turnover of Swiss general hospital types with mean between CI by 
weekdays and weekend for a year 
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Multimedia Appendix 3  

Average patient clinical complexity levels by days, days of the week (Monday to 
Sunday) and weekdays vs weekend over a year for five Swiss general hospital 
types. 

 

 
Figure A. Patient clinical complexity level (PCCL) by Swiss general hospital type for 
one year (smooth curve with mean between CI and line chart) 
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Figure B. PCCL of Swiss general hospital types with mean between CI in days of the 
week  
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Figure C. PCCL of Swiss general hospital types with mean between CI by weekday 
and weekend for one year 
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Multimedia Appendix 4  

Distribution of patient clinical complexity levels for last 10 weeks of the year with 
length of stay and average inpatients on weekly basis (showing complex patient 
stays over Christmas and the end of the year). 

 
Distribution of PCCL (last 10 weeks/last 70 days of a study year at a university 
hospital).  
PCCL is calculated only with discharged patients, as ICD-10 diagnosis codes are not 
available for those who are not discharged.  
The mean daily PCCL over one study year in a university hospital was 2.38. As the 
table below shows, patients who were discharged during the last 10 weeks of the 
year have a lower mean PCCL and shorter length of stay. Thus, the PCCL curve 
drops at the end of the year. Moreover, capacity utilization also drops at the end of 
the year, due to fewer admissions and more discharges.   
 
This means patients who were admitted but not discharged during the study year 
might have higher PCCLs (severity), warranting stays over the Christmas/New Year 
period.  
 
Table A. Average daily PCCL, LOS and capacity utilization of a university hospital 
for the last 10 weeks of a study year 

Last 10 
weeks 

Average 
daily 
PCCL 

Average daily 
LOS (days) 

Average daily 
inpatients (n) 

44 2.27 9.37 918 

45 2.22 8.77 929 

46 2.21 8.84 915 

47 2.19 8.54 944 

48 2.23 8.66 942 

49 2.27 8.30 893 

50 2.17 7.28 883 

51 2.03 6.10 838 

52 1.94 4.28 644 

53 1.78 2.77 277 
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Observing Length of stay and PCCL through box plot 
 
Patients with higher PCCLs, e.g., PCCL 4, have longer LOSs (IQR 6-20 days); for 
those with PCCL 3, LOS IQR = 5-10 days, for PCCLs of 2 and 3, LOS IQR = 2-8 days. 
I.e., patients not discharged during the end of year period likely have higher PCCLs. 
Daily PCCLs decline sharply at the end of year. 
 
 

 
 
 
Figure A. Length of stay and PCCL values from all discharge data for one study year   
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Figure B. Length of stay and PCCL values from all discharge data for November and 
December  
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Appendices chapter 4: Comparing comorbidity weighting systems to predict 
mortality 
 
Additional file 1. Supplementary figure and tables 
 

Comparing Charlson, Elixhauser comorbidity indices with different weightings to 

predict in-hospital mortality: an analysis of national inpatient data 

 

 

Fig. F1 Flowchart. National inpatient cases of all general hospitals for the analysis 
 

 

 

 

 

 

 

 
 

Participants and settings Swiss national inpatient dataset for six years (2012-2017) 
 
 
 
 
 
 
 
             Keep all general hospitals    All special care hospitals 
      (n = 1,302,521) 
      - Psychiatry   
      - Rehabilitation 

- Other specialty hospitals 
(Pediatric, gynecology, surgical 
etc.)  

 
 

Keep all adult patients     All inpatients below 20 years 
              (n = 946,253) 
 
 
 
 
         
        Random split 
 
 
 
 
 
 
Fig. 1. Flow diagram of inpatient’s cases for the analysis  
 

Total national inpatients for six 
years in Switzerland (2012-2017) 

N = 8,343,446 

7,040,925 inpatient cases 
(102 hospitals) 

6,094,672 inpatient cases  

Derivation group 
n = 3,047,336 

Validation group 
n = 3,047,336  
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Table S1 The ICD-10 GM codes used in comorbidity package to classify the 
Charlson and the Elixhauser comorbidity indices 
 

Charlson comorbidity index  ICD-10 codes 

Myocardial infarction I21.x, I22.x, I25.2 

Congestive heart failure I09.9, I11.0, I13.0, I13.2, I25.5, I42.0, I42.5 - I42.9, I43.x, I50.x, 
P29.0 

Peripheral vascular disease I70.x, I71.x, I73.1, I73.8, I73.9, I77.1, I79.0, I79.2, K55.1, K55.8, 
K55.9, Z95.8, Z95.9 

Cerebrovascular disease G45.x, G46.x, H34.0, I60.x - I69.x 

Dementia F00.x - F03.x, F05.1, G30.x, G31.1 

Chronic pulmonary disease I27.8, I27.9, J40.x - J47.x, J60.x - J67.x, J68.4, J70.1, J70.3 

Rheumatic disease M05.x, M06.x, M31.5, M32.x - M34.x, M35.1, M35.3, M36.0 

Peptic ulcer disease K25.x - K28.x 

Mild liver disease B18.x, K70.0 - K70.3, K70.9, K71.3 - K71.5, K71.7, K73.x, 
K74.x, K76.0, K76.2 - K76.4, K76.8, K76.9, Z94.4 

Diabetes without chronic 
complication 

E10.0, E10.1, E10.6, E10.8, E10.9, E11.0, E11.1, E11.6, E11.8, 
E11.9, E12.0, E12.1, E12.6, E12.8, E12.9, E13.0, E13.1, E13.6, 
E13.8, E13.9, E14.0, E14.1, E14.6, E14.8, E14.9 

Diabetes with chronic complication E10.2 - E10.5, E10.7, E11.2 - E11.5, E11.7, E12.2 - E12.5, E12.7, 
E13.2 - E13.5, E13.7, E14.2 - E14.5, E14.7 

Hemiplegia or paraplegia G04.1, G11.4, G80.1, G80.2, G81.x, G82.x, G83.0 - G83.4, 
G83.9 

Renal disease I12.0, I13.1, N03.2 - N03.7, N05.2 - N05.7, N18.x, N19.x, 
N25.0, Z49.0 - Z49.2, Z94.0, Z99.2 

Any malignancy, including 
lymphoma and leukemia, except 
malignant neoplasm of skin 

C00.x - C26.x, C30.x - C34.x, C37.x - C41.x, C43.x, C45.x - 
C58.x, C60.x - C76.x, C81.x - C85.x, C88.x, C90.x - C97.x 

Moderate or severe liver disease I85.0, I85.9, I86.4, I98.2, K70.4, K71.1, K72.1, K72.9, K76.5, 
K76.6, K76.7 

Metastatic solid tumor C77.x - C80.x 

AIDS/HIV B20.x - B22.x, B24.x 

  

Elixhauser comorbidity index ICD-10 codes 

Congestive heart failure I09.9, I11.0, I13.0, I13.2, I25.5, I42.0, I42.5 - I42.9, I43.x, I50.x, 
P29.0 

Cardiac arrhythmias I44.1 - I44.3, I45.6, I45.9, I47.x - I49.x, R00.0, R00.1, R00.8, 
T82.1, Z45.0, Z95.0 

Valvular disease A52.0, I05.x - I08.x, I09.1, I09.8, I34.x - I39.x, Q23.0 - Q23.3, 
Z95.2 - Z95.4 

Pulmonary circulation disorders I26.x, I27.x, I28.0, I28.8, I28.9 

Peripheral vascular disorders I70.x, I71.x, I73.1, I73.8, I73.9, I77.1, I79.0, I79.2, K55.1, K55.8, 
K55.9, Z95.8, Z95.9 
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Hypertension (uncomplicated) I10.x 

Hypertension (complicated) I11.x - I13.x, I15.x 

Paralysis G04.1, G11.4, G80.1, G80.2, G81.x, G82.x, G83.0 - G83.4, 
G83.9 

Other neurological disorders G10.x - G13.x, G20.x - G22.x, G25.4, G25.5, G31.2, G31.8, 
G31.9, G32.x, G35.x - G37.x, G40.x, G41.x, G93.1, G93.4, 
R47.0, R56.x 

Chronic pulmonary disease I27.8, I27.9, J40.x - J47.x, J60.x - J67.x, J68.4, J70.1, J70.3 

Diabetes, uncomplicated E10.0, E10.1, E10.9, E11.0, E11.1, E11.9, E12.0, E12.1, E12.9, 
E13.0, E13.1, E13.9, E14.0, E14.1, E14.9 

Diabetes, complicated E10.2 - E10.8, E11.2 - E11.8, E12.2 - E12.8, E13.2 - E13.8, E14.2 
- E14.8 

Hypothyroidism E00.x - E03.x, E89.0 

Renal failure I12.0, I13.1, N18.x, N19.x, N25.0, Z49.0 - Z49.2, Z94.0, Z99.2 

Liver disease B18.x, I85.x, I86.4, I98.2, K70.x, K71.1, K71.3 - K71.5, K71.7, 
K72.x - K74.x, K76.0, K76.2 - K76.9, Z94.4 

Peptic ulcer disease, excluding 
bleeding 

K25.7, K25.9, K26.7, K26.9, K27.7, K27.9, K28.7, K28.9 

AIDS/HIV B20.x - B22.x, B24.x 

Lymphoma C81.x - C85.x, C88.x, C96.x, C90.0, C90.2 

Metastatic cancer C77.x - C80.x 

Solid tumor without metastasis C00.x - C26.x, C30.x - C34.x, C37.x - C41.x, C43.x, C45.x - 
C58.x, C60.x - C76.x, C97.x 

Rheumatoid arthritis/collagen 
vascular diseases 

L94.0, L94.1, L94.3, M05.x, M06.x, M08.x, M12.0, M12.3, 
M30.x, M31.0 - M31.3, M32.x - M35.x, M45.x, M46.1, M46.8, 
M46. 

Coagulopathy D65 - D68.x, D69.1, D69.3 - D69.6 

Obesity E66.x 

Weight loss E40.x - E46.x, R63.4, R64 

Fluid and electrolyte disorders E22.2, E86.x, E87.x 

Blood loss anaemia D50.0 

Deficiency anaemia D50.8, D50.9, D51.x - D53.x 

Alcohol abuse F10, E52, G62.1, I42.6, K29.2, K70.0, K70.3, K70.9, T51.x, 
Z50.2, Z71.4, Z72.1 

Drug abuse F11.x - F16.x, F18.x, F19.x, Z71.5, Z72.2 

Psychoses F20.x, F22.x - F25.x, F28.x, F29.x, F30.2, F31.2, F31.5 

Depression F20.4, F31.3 - F31.5, F32.x, F33.x, F34.1, F41.2, F43.2 

 .x means all the sub-codes from the main ICD-10 code 
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Table S2 Comorbidity index of Charlson, van Walraven and Swiss weights in the 
total study population 

Parameters Alive cohort 
(%) 

Mortality cohort 
 (%) 

SMD 

Charlson index (Charlson weights) 1.277 
 0 3,642,650 (61.2) 17,465 (12.2)  
 1–4 1,922,213 (32.3) 72,876 (51.1)  
 >=5 387,142 (6.5) 52,326 (36.7)  
Elixhauser index (van Walraven weights)  1.303 
<0 376,560 (6.3) 1,216 (0.9)  
 0 3,236,440 (54.4) 14,311 (10.0)  
 1–4 546,349 (9.2) 9,300 (6.5)  
 >=5 1,792,656 (30.1) 117,840 (82.6)  
Elixhauser index (Swiss weights) 1.322 
<0 1,154,573 (19.4) 4,946 (3.5)  
 0 2,561,720 (43.0) 11,607 (8.1)  
 1–4 426,880 (7.2) 6,121 (4.3)  
 >=5 1,808,832 (30.4) 119,993 (84.1)  

Abbreviations: SMD, standardized mean difference between alive and mortality 
cohort 
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Table S3 Prevalence of Charlson comorbidities from the total population and Swiss   
derivation sample 
 

Abbreviations: SMD, standardized mean difference between alive and mortality 
cohort; The total cohort percentages can exceed 100%, as each admission contributes 
to one or more comorbidities. 
 
 
 
 
 
 
 
 
 

Charlson comorbidities Total population Swiss derivation sample 
 

N (%) Alive cohort 

(%) 
Mortality cohort 

(%) 
SMD 

 6,094,672 (100) 2,975,887 (97.7) 71,449 (2.3)  

Myocardial infarction 195,981 (3.2)  91,930 (3.1) 6,138 (8.6) 0.236 

Congestive heart failure 360,599 (5.9)  163,685 (5.5) 16,333 (22.9) 0.514 

Peripheral vascular disease 294,919 (4.8)  141,051 (4.7) 6,912 (9.7) 0.192 

Cerebrovascular disease 254,526 (4.2)  118,841 (4.0) 8,465 (11.8) 0.294 

Dementia 189,091 (3.1)  89,536 (3.0) 5,078 (7.1) 0.188 

Chronic pulmonary disease 358,407 (5.9)  170,770 (5.7) 8,269 (11.6) 0.209 

Rheumatic disease 83,179 (1.4)  40,366 (1.4) 1,061 (1.5) 0.011 

Peptic ulcer disease 34,831 (0.6)  16,305 (0.5) 1,144 (1.6) 0.102 

Mild liver disease 983,70 (1.6)  46,028 (1.5) 3,203 (4.5) 0.172 

Diabetes without chronic 
complication 

523,029 (8.6)  253,022 (8.5) 9,333 (13.1) 0.147 

Diabetes with chronic complication 123,336 (2.0)  59,298 (2.0) 2,492 (3.5) 0.092 

Hemiplegia or paraplegia 133,663 (2.2)  61,546 (2.1) 5,153 (7.2) 0.246 

Renal disease 618,117 (10.1)  289,180 (9.7) 20,528 (28.7) 0.497 

Any malignancy, including 
lymphoma and leukemia, except 
malignant neoplasm of skin 

658,483 (10.8)  302,801 (10.2) 26,900 (37.6) 0.680 

Moderate or severe liver disease 29,538 (0.5)  12,442 (0.4) 2,331 (3.3) 0.213 

Metastatic solid tumor 276,426 (4.5)  119,667 (4.0) 18,907 (26.5) 0.657 

AIDS/HIV 4,894 (0.1) 2,300 (0.1) 85 (0.1) 0.013 
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Table S4 Prevalence of Elixhauser comorbidities from the total and derivation 
sample 
 

Elixhauser comorbidities Total population Swiss derivation sample 

 N (%) Alive 
cohort (%) 

Mortality cohort 
(%) 

SMD 

 6,094,672 (100) 
 

2,975,887 (97.7) 71,449 (2.3)  
Congestive heart failure 360,599 (5.9) 163,685 (5.5)  16,333 (22.9)  0.514 

Cardiac arrhythmias 724,927 (11.9) 341,280 (11.5)  20,754 (29.0)  0.448 

Valvular disease 248,362 (4.1) 117,450 (3.9)  6,568 (9.2)  0.213 

Pulmonary circulation 
disorders 

116,734 (1.9) 53,292 (1.8)  4,813 (6.7)  0.247 

Peripheral vascular disorders 294,919 (4.8) 141,051 (4.7)  6,912 (9.7)  0.192 

Hypertension 
(uncomplicated) 

1,383,747 (22.7) 676,609 (22.7)  15,692 (22.0)  0.019 

Hypertension (complicated) 459,645 (7.5) 218,656 (7.3)  11,003 (15.4)  0.256 

Paralysis 133,663 (2.2)  61,546 (2.1)  5,153 (7.2)  0.246 
Other neurological disorders 256,353 (4.2)  120,045 (4.0)  8,011 (11.2)  0.273 
Chronic pulmonary disease 358,407 (5.9)  170,770 (5.7)  8,269 (11.6)  0.209 

Diabetes, uncomplicated 508,108 (8.3)  245,817 (8.3)  9,059 (12.7)  0.145 
Diabetes, complicated 137,602 (2.3)  66,161 (2.2)  2,763 (3.9)  0.096 

Hypothyroidism 258,542 (4.2)  126,062 (4.2)  3,454 (4.8)  0.029 

Renal failure 617,834 (10.1)  289,047 (9.7)  20,526 (28.7)  0.497 
Liver disease 111,396 (1.8)  49,916 (1.7)  5,822 (8.1)  0.303 

Peptic ulcer disease, 
excluding bleeding 

12,012 (0.2)  5,808 (0.2)  258 (0.4)  0.032 

AIDS/HIV 4,894 (0.1)  2,300 (0.1)  85 (0.1)  0.013 
Lymphoma 53,679 (0.9)  25,049 (0.8)  1,759 (2.5)  0.127 
Metastatic cancer 276,426 (4.5)  119,667 (4.0)  18,907 (26.5)  0.657 

Solid tumour without 
metastasis 

583,683 (9.6)  268,298 (9.0)  24,046 (33.7)  0.631 

Rheumatoid 
arthritis/collagen vascular 
diseases 

97,335 (1.6)  47,305 (1.6)  1,254 (1.8)  0.013 

Coagulopathy 200,102 (3.3)  90,551 (3.0)  9,528 (13.3)  0.382 

Obesity 137,896 (2.3)  68,155 (2.3)  1,011 (1.4)  0.065 
Weight loss 216,541 (3.6)  98,545 (3.3)  9,527 (13.3)  0.369 

Fluid and electrolyte 
disorders 

550,094 (9.0)  257,618 (8.7)  17,440 (24.4)  0.434 

Blood loss anaemia 40,893 (0.7)  19,759 (0.7)  685 (1.0)  0.033 
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Abbreviations: SMD, standardized mean difference between alive and mortality 
cohort; The total cohort percentages can exceed 100%, as each admission contributes 
to one or more comorbidities. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Deficiency anaemia 148305 (2.4)  72,290 (2.4)  1,886 (2.6)  0.013 
Alcohol abuse 199964 (3.3)  96,708 (3.2)  3,086 (4.3)  0.056 
Drug abuse 77640 (1.3)  38,044 (1.3)  583 (0.8)  0.045 
Psychoses 59909 (1.0)  29,598 (1.0)  404 (0.6)  0.049 
Depression 355765 (5.8) 173,898 (5.8)  3,715 (5.2)  0.028 
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Table S5 Performance measures of the base, Charlson, van Walraven and Swiss 
weights models for in-hospital mortality in derivation, validation and all cases  

Abbreviations: VW van Walraven, CI confidence interval 
Base model: age groups, sex, hospital types  
Charlson weights model: base and Charlson weights 
VW weights model: base and Elixhauser/ van Walraven weights 
Swiss weights model: base and Elixhauser/ Swiss weights 
Note: Predicted probability of null model (c-statistic) is 0.50 of dying, which reflect 
the mean value of 2.3% from our data.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 C Statistic (95% CI) 

 Derivation 
group 

Validation groups  
 

Validation 
group 

All cases 

 n = 
3,047,336 

n1 = 
491,962 

n2 = 
496,684 

n3 = 
504,741 

n4 = 
514,267 

n5= 
520,277 

n6 = 
519,405 

n = 
3,047,336 

N= 
6,094,672 

 All years 
(2012–
2017) 

Year 1 Year 2 Year 3 Year 4 Year 5 Year 6 All years 
(2012–
2017) 

All years 
(2012–
2017) 

Base 
model 
 

0.757 
(0.755–
0.759) 

0.758 
(0.752–
0.759) 

0.758 
(0.754–
0.762) 

0.756 
(0.753–
0.760) 

0.752 
(0.748–
0.756) 

0.756 
(0.752–
0.759) 

0.750 
(0.746–
0.754) 

0.754 
(0.753–
0.754) 

0.757 
(0.755–
0.759) 

Charlson 
weights 
model 

0.850 
(0.847–
0.851) 

0.849 
(0.846–
0.852) 

0.852 
(0.849–
0.855) 

0.854 
(0.851–
0.857) 

0.849 
(0.846–
0.852) 

0.854 
(0.851–
0.857) 

0.844 
(0.841–
0.847) 

0.849 
(0.848–
0.851) 

0.850 
(0.849–
0.851) 

VW 
weights 
model 

0.863 
(0.862–
0.864) 

0.862 
(0.859–
0.865) 

0.866 
(0.863–
0.869) 

0.867 
(0.864–
0.869) 

0.863 
(0.860–
0.866) 

0.869 
(0.866–
0.872) 

0.862 
(0.859–
0.864) 

0.863 
(0.862–
0.864) 

0.863 
(0.862–
0.864) 

Swiss 
weights 
model 
 

0.867 
(0.865–
0.868) 

0.865 
(0.862–
0.868) 

0.869 
(0.866–
0.871) 

0.871 
(0.868–
0.873) 

0.866 
(0.863–
0.869) 

0.872 
(0.869–
0.874) 

0.865 
(0.862–
0.867) 

0.866 
(0.865-
0.867) 

0.867 
(0.865–
0.868) 
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Table S6. The predicted and observed risk of patients from the highest percentage 
from the predicted values 
 

Highest percentage from the predicted values from the derivation sample 
 1% 2% 5% 10% 
Population-based 
weighting model 
(pre) 
 

0.332 
 

0.260 
 

0.176 
 

0.124 

Population-based 
weighting model 
(obs) 
 

0.209 
 

0.182 
 

0.147 
 

0.120 

VW weighting 
model (pre) 

0.319 0.251 0.172 0.123 

VW weighting 
model 
(obs) 
 

0.204 0.181 0.137 0.119 

Charlson 
weighting model 
(pre) 
 

0.293 0.231 0.160 0.116 

Charlson 
weighting model 
(obs) 
 

0.185 0.167 0.137 0.112 

Base model (pre) 
 

0.110 0.099 0.085 0.072 

Base model (obs) 0.107 0.094 0.084 0.072 

Pre: mean predicted risk of dying, obs: mean observed risk of dying,  
Note: Top 1% of admissions have higher risk of death.  
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Causal effect of capacity utilization on in-hospital mortality: evidence of safety 
tipping points  
 
 
Online supplementary materials 

 
Figure S1. Flow diagram of the study participants from the study year for the analysis  
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Table S1. Description of the study variables  

Variables Short description 
Individual-level  

Case identifier Unique anonymous numeric identifier for each case  
Age  Age of patient in five-year groups 
Sex Patient’s sex (male or female)  
Hospital identifier Unique anonymous numeric identifier for each hospital 
Hospital types Hospital FSO classification code,  

Five classifications: university hospitals, tertiary care hospitals, large basic 
hospitals, medium basic hospitals and small basic hospitals 

Admission date Patient’s date of hospital admission  
Discharge date Patient’s date of discharge from hospital 
Primary Diagnosis  ICD–10 GM primary patient diagnosis code (up to 2) 
Secondary diagnosis ICD–10 GM secondary patient diagnosis code (up to 25) 
Procedure code CHOP code for procedure taken for the patient 
14–day in-hospital 
mortality  

Death during the first 14 days of hospital stay (death or alive) 

Measured variables   
PCCL (0–4; no severity to 
very high severity) 

Patient’s individual severity/complexity was measured using SwissDRG 
version 6 for batch grouping using diagnosis and procedural codes, using 
online grouping system https://grouper.swissdrg.org/swissdrg/batch 

Date related variables Using the admission date of the study year, time-related variables were 
created as necessary for the analysis (e.g., Days of the week, weekdays vs 
weekend) 

Length of stay (LOS) Discharge data minus admission date (in days) 
Elixhauser comorbidities  
(31 comorbidities) 

Number of Elixhauser comorbidities count (0, 1, 2,..15) 
Number of Elixhauser comorbidities with Swiss comorbidity weights,[24] 
classified as (<0, 0, >0-4, >4) 

Hospital level   
Daily capacity utilization Percentage of inpatients per day from the maximum daily inpatients (via 

admission and discharge dates)  
Daily patient turnover  Percentage of admitted and discharged patients from the actual inpatients 

per day (via admission and discharge dates) 
Daily PCCL PCCL value for each individual was transformed to average daily PCCL 

value per day using admission and discharge dates 
Unmeasured variables  e.g., variation in hospital leadership, staffing (nurses or doctors) might 

influence confounders, exposures and outcomes 

FSO Federal Statistics Office; ICD-10 GM International Classification of Diseases- 
version 10 German Modification; CHOP Swiss Operation Classification; PCCL 
Patient Clinical Complexity Level 
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Building causal DAGs for time-varying variables to estimate causal effect of 

capacity utilization on in-hospital mortality 

The literature indicates a clear relationship between capacity utilization (exposure) 

and in-hospital mortality (outcome) [1,2]. Problematically, though, capacity 

utilization and mortality could be confounded by disease severity (patient clinical 

complexity level (PCCL)) and patient turnover. I.e., these variables can open up 

backdoor paths to apparent causality. To block these paths, it is necessary to identify 

and adjust for confounders.  

To explore potential confounding relationships, we used DAGs with time-fixed 

variables (Figure S2 A). DAGs may clarify relationships between selected variables in 

a cross-sectional study. They can also be used for time-varying studies such as this 

one, but multiple measurement points have to be included.  

To explore time-varying variables and limit our DAGs’ visual complexity, we used 

two consecutive days as measurement points (day one (baseline): admission day; day 

two: the following day) (Figure 1B). Assuming that the same relationships would 

apply at later time points, we drew paths from the confounders to exposure and 

outcome for each day of the patient’s stay, i.e., every day’s capacity utilization and 

mortality figures are influenced by daily patient turnover and daily PCCL values.  

Additionally, day-one capacity utilization influences day-two patient turnover. For 

example, if capacity utilization is high on day one, the hospital may admit fewer 

and/or discharge more patients on day two; prospective admissions’ PCCL scores can 

also influence both admissions and discharges. Therefore, as Figure 1B shows, we 

placed an arrow from CU1 to PT2 to indicate feedback between the treatment and the 

confounder, i.e., TCF. As our DAG considered measurements for all of our dataset’s 

potential confounders, we were able to estimate the hypothesized causal effect simply 

by implementing an adjusted analysis.  

Again, the given DAG is a valid causal model only if it includes every potential 

confounder. To account for additional individual covariates (e.g., age, sex, Swiss 

comorbidity weights, weekday/weekend) we built a causal DAG (see Figure 1C) 

including all additional time-fixed confounders for which adjustment was necessary. 

This step allowed us to estimate the total causal effect of capacity utilization on in-

hospital mortality.  
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Additionally, we considered the possible relevance of unmeasured variables not 

included in our dataset (e.g., supportive leadership or staffing). These may also 

influence the measured variables, e.g., staffing may affect both patient turnover[3] and 

in-hospital mortality.[4] In this condition, feedback (TCF) between day-one capacity 

utilization and day-two patient turnover persists. That is, the unmeasured variables 

(U) leave an open back-door path (CU1-PT2-U-M1) (Figure 1D). Thus, this condition 

could lead to bias via two pathways: 1. Adjusting for patient turnover (PT2) to block 

the confounding CU2–PT2–M2 path will open another (through CU1, PT2, U, and M2) 

by conditioning on a collider; or 2. If we do not adjust for patient turnover (PT2) we 

leave a back door path open through CU2-PT2-M2.  

Traditional methods (e.g., stratification, outcome regression) cannot adjust for both of 

these confounders at the same time [5,6]. Therefore, innovative methods to handle 

time-varying variables and TCF are necessary. We chose J. Robins’ proposed G-

methods. In addition to G-computation [7] and g-estimation for Structural Nested 

Models, [8] these include the use of inverse probability of treatment weighting (IPTW) 

for Marginal Structural Models (MSMs) [9]. 
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Figure 2: Causal directed acyclic graphs (DAGs) showing causal effects of capacity 
utilization (CU) on in-hospital mortality (M). Note: the arrows are limited to prevent 
overcrowding. Green represents causal paths; black represents adjusted (blocked) 
paths; and pink represents biasing paths. 
A: Causal DAG for time-fixed confounders, exposure and outcome (PT1, PCCL1, CU1, 
M1: respectively, patient turnover, patient clinical complexity level, capacity 
utilization, and mortality at fixed-day/baseline).  
B: Causal DAG for time-varying confounders, exposure and outcome at day one (PT1, 
PCCL1, CU1, M1) and day two (PT2, PCC2, CU2, M2).  
C: Causal DAG for time-varying exposure, confounders and outcome at day one and 
day two with other fixed covariates (C) (age, sex, comorbidity weights, weeks). 
D: Causal DAG for time-varying exposure, confounders and outcome at day one and 
day two with other fixed covariates (C) and unmeasured variables (U) (e.g., 
leadership, staffing). 
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Figure S2. Distribution of safety tipping points and vertical line is an average tipping 
point across Swiss hospital types 
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Table S2. Patients’ treatment-exposure day distribution by hospital type 

Parameters Total exposure 

days 

Exposure (capacity utilization) days 

for below and above tipping points 

(n (%)) 

SMD 

  < 85th percentile ≥ 85th percentile  

Total 6,867,658 

 

5,588,637 (81.4) 1,279,021 (18.6)  

Hospital types    0.075 

- University (level 1) 1,474,338  1,216,182 (82.5) 258,156 (17.5)  
- Tertiary care (level 2) 4,073,652  3,326,103 (81.6) 747,549 (18.4)  
- Large basic (level 3) 579,174 463,261 (80.0) 115,913 (20.0)  
- Medium basic (level 4) 628,306 497,660 (79.2) 130,646 (20.8)  
- Small basic (level 5) 112,188 85,431 (76.1) 26,757 (23.9)  

SMD, standardized mean difference between < 85th percentile and ≥ 85th percentile 
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Table S3. Sensitivity analysis to evaluate robustness to different specifications of the 
capacity utilization tipping points in Swiss hospitals, splitting capacity utilization 
distribution at 75th, 80th, 85th, 90th, and 95th percentile. The table displays 
total/short-term effect of daily exposure on 14-day in-hospital mortality as 
estimated with generalized estimating equations (GEEs), for different values of the 
thresholds defining potential tipping points.  
 

GEE glm models Odds Ratio (95% CI) 

75th Percentile split 1.04 (1.01–1.08)* 

80th Percentile split 1.06 (1.02–1.10)** 

85th Percentile split 1.08 (1.04–1.12)*** 

90th Percentile split 1.07 (1.03–1.13)** 

95th Percentile split 1.07 (1.01–1.14)* 

Significance codes:  ***p <0.001, **p <0.01, *p <0.05  

Note: The effect estimate on each split was positive with similar effects at and above 
85th percentile, indicating that our capacity utilization split was robust. 
Time-fixed covariates (age, sex, hospital types, Elixhauser index-Swiss comorbidity 
weights, and weekdays) affecting both exposure and outcomes were adjusted in each 
model. 
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Figure S3. Inverse probability of treatment weight (IPTW) of capacity utilization with 
two time-varying confounders: patient turnover and patient clinical complexity level 
(PCCL). 
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Table S4. Total/short-term effect of time-varying exposure (capacity utilization) on 
14-day in-hospital mortality without and with IPTW 

 Without IPTW With IPTW 
 Estimate 

 
p value Odds Ratio 

(95% CI) 
Estimate 
 

p value Causal Odds 
Ratio (95% 
CI) 

Exposure  
(Capacity Utilization) 

      

- Below 85th 
percentile 

Reference  1 Reference  1 

- 85th percentile 
and above 

0.077 <0.001*** 1.08 
(1.03 to 1.12) 

0.097 <0.001*** 1.10 
(1.06 to 1.15) 

Other adjusted variables 
Weekdays       
- Weekday Reference   Reference   
- Weekend 0.108 <0.001*** 1.11 

(1.06 to 1.14) 
0.110 <0.001*** 1.12 

(1.08 to 1.16) 
Hospital types       
- University (level 

1) 
Reference  1 Reference  1 

- Tertiary care 
(level 2) 

0.019 0.312 1.02 
(0.98 to 1.06) 

0.022 0.25 1.02 
(0.98 to 1.06) 

- Large basic (level 
3) 

-0.149 <0.001*** 0.86 
(0.80 to 0.92) 

-0.141 <0.001*** 0.87 
(0.81 to 0.93) 

- Medium basic 
(level 4) 

-0.116 <0.001*** 0.89 
(0.83 to 0.95) 

-0.120 <0.001*** 0.89 
(0.83 to 0.95) 

- Small basic (level 
5) 

0.219 <0.001*** 1.24 
(1.12 to 1.38) 

0.513 <0.001*** 1.67 
(1.46 to 1.90) 

Elixhauser index (Swiss Comorbidity weights) 
- <0 Reference  1 Reference  1 
- =0 1.090 <0.001*** 2.97 

(2.71 to 3.25) 
1.090 <0.001*** 2.97 

(2.71 to 3.26) 
- >0 to <5 0.848 <0.001*** 2.33 

(2.10 to 2.60) 
0.866 <0.001*** 2.38 

(2.13 to 2.64) 
- ≥5 2.060 <0.001*** 7.82 

(7.22 to 8.49) 
2.080 <0.001*** 8.01 

(7.38 to 8.70) 
Age (5-year groups) 0.028 <0.001*** 1.03 

(1.02 to 1.03) 
0.028 <0.001*** 1.03 

(1.02 to 1.03) 
Sex       
- Male Reference  1 Reference  1 
- Female -0.266 <0.001*** 0.77 

(0.74 to 0.79) 
-0.270 <0.001*** 0.76 

(0.74 to 0.79) 
Significance codes: ***p <0.001, **p <0.01, *p <0.05  
IPTW: Inverse Probability of Treatment/exposure Weight of Capacity utilization for 
≥ 85th percentile for daily varying confounders, patient turnover and PCCL (Patient 
Clinical Complexity Level)  
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Table S5. Adjusted causal effect (total/short term and cumulative daily) of time-
varying exposure (capacity utilization) on 14-day in-hospital mortality with 
truncation of the top and bottom 1% of IPTW 

 Short term effect with IPTW  
(MSM with 1% truncation) 

Cumulative daily effect with IPTW  
(MSM with 1% truncation) 

 Estimate 
 

p value Causal Odds 
Ratio (95% CI) 

Estimate 
 

p 
value 

Causal Odds 
Ratio (95% CI) 

Exposure  
(Capacity Utilization) 
- <85th percentile Reference  1 Reference  1 
- ≥85th percentile  0.085 <0.001*** 1.09 

(1.05 to 1.13) 
0.012 <0.01** 1.01 

(1.01 to 1.03) 
       
Weekdays       
- Weekday Reference   Reference   
- Weekend 0.106 <0.001*** 1.11 

(1.08 to 1.16) 
0.087 <0.001*

** 
1.09 
(1.05 to 1.13) 

Hospital types       
- University (level 

1) 
Reference  1 Reference  1 

- Tertiary care 
(level 2) 

0.019 0.31 1.02 
(0.98 to 1.06) 

0.019 0.31 1.02 
(0.98 to 1.06) 

- Large basic (level 
3) 

-0.148 <0.001*** 0.86 
(0.81 to 0.92) 

-0.147 <0.001*

** 
0.86 
(0.81 to 0.92) 

- Medium basic 
(level 4) 

-0.122 <0.001*** 0.88 
(0.83 to 0.95) 

-0.122 <0.001*

** 
0.89 
(0.83 to 0.95) 

- Small basic (level 
5) 

0.275 <0.001*** 1.32 
(1.18 to 1.47) 

0.275 <0.001*

** 
1.32 
(1.18 to 1.47) 

Elixhauser index (Swiss Comorbidity weights) 
- < 0 Reference  1 Reference  1 
- =0 1.090 <0.001*** 2.98 

(2.72 to 3.27) 
1.090 <0.001*

** 
2.98 
(2.72 to 3.27) 

- >0 to <5 0.863 <0.001*** 2.37 
(2.13 to 2.64) 

0.862 <0.001*

** 
2.37 
(2.13 to 2.64) 

- ≥5 2.070 <0.001*** 7.90 
(7.28 to 8.57) 

2.070 <0.001*

** 
7.89 
(7.38 to 8.70) 

Age (5-year groups) 0.028 <0.001*** 1.03 
(1.02 to 1.03) 

0.028 <0.001*

** 
1.03 
(1.02 to 1.03) 

Sex       
- Male Reference  1 Reference  1 
- Female -0.270 <0.001*** 0.76 

(0.74 to 0.79) 
-0.270 <0.001*

** 
0.76 
(0.74 to 0.79) 

Significance codes:  ***p <0.001, **p <0.01, *p< 0.05  
IPTW: Inverse Probability of Treatment/exposure Weight of Capacity utilization 
≥85% for daily varying confounders (patient turnover and PCCL (Patient Clinical 
Complexity Level).  
 

 


