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AbstrAct
Background Quality improvement and epidemiology 
studies often rely on database codes to measure 
performance or impact of adjusted risk factors, but how 
validity issues can bias those estimates is seldom quantified.
Objectives To evaluate whether and how much 
interhospital administrative coding variations influence 
a typical performance measure (adjusted mortality) and 
potential incentives based on it.
Design National cross-sectional study comparing hospital 
mortality ranking and simulated pay-for-performance 
incentives before/after recoding discharge abstracts using 
medical records.
Setting Twenty-four public and private hospitals located 
in France
Participants All inpatient stays from the 78 deadliest 
diagnosis-related groups over 1 year.
Interventions Elixhauser and Charlson comorbidities 
were derived, and mortality ratios were computed for each 
hospital. Thirty random stays per hospital were then recoded 
by two central reviewers and used in a Bayesian hierarchical 
model to estimate hospital-specific and comorbidity-specific 
predictive values. Simulations then estimated shifts in 
adjusted mortality and proportion of incentives that would 
be unfairly distributed by a typical pay-for-performance 
programme in this situation.
Main outcome measures Positive and negative 
predictive values of routine coding of comorbidities in 
hospital databases, variations in hospitals’ mortality league 
table and proportion of unfair incentives.
Results A total of 70 402 hospital discharge abstracts 
were analysed, of which 715 were recoded from full 
medical records. Hospital comorbidity-level positive 
predictive values ranged from 64.4% to 96.4% and 
negative ones from 88.0% to 99.9%. Using Elixhauser 
comorbidities for adjustment, 70.3% of hospitals changed 
position in the mortality league table after correction, which 
added up to a mean 6.5% (SD 3.6) of a total pay-for-
performance budget being allocated to the wrong hospitals. 
Using Charlson, 61.5% of hospitals changed position, with 
7.3% (SD 4.0) budget misallocation.
Conclusions Variations in administrative data coding 
can bias mortality comparisons and budget allocation 
across hospitals. Such heterogeneity in data validity may be 
corrected using a centralised coding strategy from a random 
sample of observations.

IntroductIon
Hospital administrative databases are a 
readily available source of data that can 

be used for pay for performance. One of 
the outcomes of interest is mortality due 
to its lack of ambiguity. In the context of 
quality of care, mortality is often meas-
ured and compared at the hospital level, 
and the hospitals with lowest mortality can 
be rewarded with financial incentives.1–3 
For example, this has been done, with 
mixed results, in two large incentivisation 
programmes: the Hospital Quality Incen-
tive Demonstration (HQID; USA, 2003) 
and Advancing Quality (AQ; UK, 2008).1 3 4

One of the main challenges when 
doing these comparisons is that, in order 
to make fair judgements, one needs to 
account for the fact that some hospitals 
admit sicker patients than others. This is 
often done using administrative insurance 
claims data, which records the patient 
health status using standardised codes. 
These codes, for many different diseases, 
can be combined into reduced lists with 
broader categories that are most mean-
ingful to adjust for risk of death at admis-
sion. Two widely used such lists are the 
Charlson and Elixhauser indexes.5 6 The 
Charlson index (17 diseases) was initially 
derived from medical records7 and was 
later adapted to hospital administrative 
data,8 whereas the Elixhauser index (31 
diseases) was originally designed to be 
used with administrative data.9

The assumption that data expressed 
with such standardised codes are valid, 
meaningful and actually standardised is 
not necessarily true. For example, some 
conditions may be associated with higher 
payouts, because sicker patients require 
more care, and some hospitals may want 
to game the payout system, leading them 
to exaggerate pre-existing diseases in their 
patients. Conversely, some comorbidities 
that are not associated with higher payouts 
may not be reported by some hospitals with 
overstretched coding staff. Even before the 
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Figure 1 Study flow chart. DRGs, diagnosis-related group.

coding step, some diseases can be easier or harder to 
diagnose clinically in different regions and populations. 
These issues belong to the umbrella term ‘constant risk 
fallacy’, meaning that the same coded variable can have 
different validity or mean different things in different 
settings and may therefore not be associated with a 
single, constant risk. This could make adjusted compari-
sons meaningless.10–12

This is very problematic in the context of pay-for-per-
formance programmes, because how well hospitals 
and physicians respond to incentives is linked to how 
fair the evaluation method is.13 To date, the potential 
impact on fairness of these variations in database codes’ 
validity, which we call heterogeneous validity, has rarely 
been quantified. Single-centre and/or single-disease 
comparisons using medical records or registers have 
been published,14 15 but multicentre all-patient compari-
sons relevant to overall performance evaluation are still 
needed. Here, we designed a new analytical strategy 

using partial centralised recoding and used it to evaluate 
the influence of interhospital variations in disease coding 
validity on hospital mortality rankings and potential 
performance incentives.

Methods
The study design is summarised in figure 1. Details 
can be found in the technical appendix and in refer-
ences.16 17

Population and data sources
Fifty diverse acute care hospitals were invited to 
participate (twenty-four accepted). Electronic 
discharge abstracts were retrieved for all inpatients 
from 2010 belonging to one of the 78 most deadly 
diagnosis-related groups (a type of administrative clas-
sification based on burden of care). Thirty abstracts 
were randomly drawn and centrally recoded from full 
electronic medical charts by two experienced coding 
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professionals including one physician, who were 
instructed to code for maximum epidemiological accu-
racy rather than financial optimisation. Differences 
were resolved by consensus. This provided a reference 
standard against which to check the validity of routine 
coding in a selected sample and then extrapolate to the 
whole population which, in turn eliminated interhos-
pital coding variability. This reference standard is not a 
gold standard in an absolute sense, because the central 
recoders may have their own biases and habits.

uncorrected hospital mortality
We ran a classical multivariate analysis using the 
Charlson or Elixhauser comorbidities indices from 
administrative billing codes as covariates, in addition 
to patient age, sex, area earnings, emergency admis-
sion and discharge month.

Each hospital was also a covariate; this allowed a 
quantification of the extent to which each hospital 
was, figuratively, a protective or risk factor for death 
and in turn a ranking of the hospitals from best to 
worst based on this criterion.

Validity of comorbidity codes
The previous multivariate analysis takes adminis-
trative comorbidity codes at face value, but we also 
wanted to correct for errors in those codes. For this, 
as we randomly drew 30 charts from each hospital 
and recoded them centrally. This provided a common 
reference standard, to which the initial coding done 
in each hospital was compared. We used this sample 
to derive a probability, for each hospital/comorbidity 
pair, that the comorbidity was actually there when 
the hospital said so (positive predictive value (PPV)) 
and, conversely, that the comorbidity was absent if the 
hospital did not mention it (negative predictive value 
(NPV)).

To this end, a Bayesian hierarchical model was run. 
The intuition is the following (see appendix for details): 
compared with the average, the model considers each 
hospital to be somewhat better or worse at coding, 
and each comorbidity to be somewhat easier or more 
difficult to code for properly, based on the randomly 
recoded charts. On top of this, the model adds a small 
improvement or deterioration if a particular hospital 
seems to be particularly good or bad at coding a partic-
ular disease. By integrating these three components 
for each hospital/comorbidity pair, specific PPVs and 
NPVs are obtained. Because the sample size is limited, 
these PPV and NPV are uncertain, with a probability 
distribution that represent how valid the codes are 
likely to be.

corrected hospital mortality
When doing the first multivariate analysis of mortality, 
we took the hospital comorbidity codes at face value: 
for example, when heart failure was coded, the model 

added the full extra risk of death associated with heart 
failure.

Using the PPV/NPV, we could correct for the 
tendency of hospitals to exaggerate (overcode) or 
understate (undercode) using a corrected version of 
the initial mortality model. In the corrected version, 
if a particular hospital tended to exaggerate, for 
example, if there actually was heart failure only half 
the time that hospital coded it, the corrected model 
added only half the risk associated with heart failure 
for patients from that exaggerating hospital. The same 
logic was applied to all comorbidites.

This allowed us to compute a new risk of death asso-
ciated with each hospital, both adjusted on the comor-
bidities and corrected for the tendency of hospitals to 
misstate them. Because validity (PPV/NPV) estimates 
were probabilistic, we repeated the corrected compu-
tation 1000 times, resulting in a Monte Carlo analysis. 
For this, we drew 1000 sets of PPV/NPV values from 
the Bayesian posterior.

Pay for performance
Then, variations in hospital mortality were applied to 
a tournament pay-for-performance system modelled 
after AQ and HQID, in which hospitals with the lowest 
adjusted mortality are ranked higher and better paid, 
resulting in 1000 corrected rankings and payouts. We 
then computed the difference in payouts between the 
corrected and uncorrected versions and estimated a 
possible size of unfair payouts due to hospital misstate-
ments of comorbidities, expressed as percentage of the 
total incentive payouts. The 1000 repeats allowed us 
to provide a reasonable average and quantify uncer-
tainty around our estimate.

sensitivity analyses
We ran several sensitivity analyses: (1) to check whether 
code validity was similar in different patient popula-
tions, (2) whether more refined pay-for-performance 
schemes were more vulnerable to heterogeneity, (3) 
whether different Bayesian models were more robust 
and (4) to what extent additional recoded data would 
have been useful.

results
Among the 720 medical records randomly selected 
from 24 participating hospitals, 5 could not be 
retrieved for recoding discharge abstracts and were 
excluded from analysis (figure 1). Table 1 shows the 
side-by-side distribution of the 715 discharge abstracts 
before and after recoding and the 70 402 inpatient 
stays from which they were randomly selected. The 
validity of the Elixhauser and Charlson comorbidities 
across all hospitals is shown in table 2. For the Elix-
hauser index, the median value of estimated hospi-
tal-level coding PPV ranged from 70.0% for weight 
loss (IQR for hospitals, 51.4–80.8) to 96.4% (94.8–
97.5) for cardiac arrhythmia, while estimated negative 
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ones ranged from 89.0% for uncomplicated hyperten-
sion (81.1–92.2) to 99.9% for AIDS/HIV (99.9–99.9). 
For the Charlson index, estimated positive values 
ranged from 64.4% (57.4–69.5) for liver disease to 
90.3% for paraplegia or haemiplegia (87.4–92.0), 
while estimated negative ones ranged from 94.8% for 
localised malignancies (92.2–95.3) to 99.9% for AIDS/
HIV (99.9–99.9).

Figure 2 presents changes in hospitals' position after 
correction for either Elixhauser or Charlson comor-
bidities, compared with the average mortality on 
funnel plots (figure 2A, B). These changes were more 
explicit when depicting hospitals positions against 
each other on league tables (figure 2C, D). Simulated 
AQ and HQID programmes found that hospitals had a 
70.3% and 61.5% probability to experience change in 
ranking position after correction of either Elixhauser 
(figure 2E) or Charlson (figure 2F) indexes, respec-
tively. For the Elixhauser index, a drop in the league 
table, of a mean 2.2 ranks, was computed for 35.1% 
of hospitals, whereas a gain of a mean 2.2 ranks was 
computed for 35.1% of hospitals. For the Charlson 
index, there was a mean drop of 1.8 ranks for 30.1% 
hospitals and a mean gain of 1.8 ranks for 31.4% 
hospitals. These shifts translated into coding-related 
undeserved budget bonuses of 2% for 4.9% of hospi-
tals and penalties of 2% for 4.9% of hospitals with 
the Elixhauser index; the remainder had unchanged 
budgets (figure 2G). For the Charlson index, 5.5% of 
hospitals had a similar undeserved 2% budget increase/
decrease, with exceptionally unlikely (<0.05%) cases 
of 4% loss (figure 2H). At the programme level, the 
proportion of all improperly allocated bonuses and 
penalties (not accounting for hospital size) reached a 
mean 6.5% (SD 3.6) of the total programme budget 
with the Elixhauser comorbidities adjustment and 
7.3% (SD 4.0) with the Charlson comorbidities adjust-
ment (figure 2I, J).

Online supplementary figures 1 and 2 present the 
results of sensitivity analyses, with higher improper 
allocation when incentives were distributed more 
smoothly across the league table (11.5%, SD 3.0%, for 
Elixhauser, and 10.5%, SD 3.1%, for Charlson).

Online supplementary figure 3 presents sensi-
tivity analyses on the Bayesian network structure and 
recoding data. Removing the interaction terms led to 
a different distribution of errors and a lower uncer-
tainty around the estimate. A triplicated data model, 
artificially triplicating each observation to a total of 90 
charts per hospital, led to more precise estimates and 
a reduction in the probability of zero misallocation.

dIscussIon
The advent of information technology has provided an 
opportunity to collect and analyse data on a large scale 
to move closer to value-based care, but the quality of 
the data and its impact on the relevance of the anal-
yses often go unquestioned. Heterogeneous coding, in 

particular, has been singled out as a particularly difficult 
issue, and differences between genuinely differential 
mortality and artefacts due to heterogeneous coding 
have puzzled researchers, which led Mohammed et al, 
in an often cited study,12 to claim that ‘unfortunately, 
no statistical method exists for teasing [them] apart’.

Here, in the particular context of analysing hospital 
mortality, we have devised a method to estimate the 
effect of heterogeneous coding apart from that of 
actual differential mortality by using a central review 
to standardise coding. Using this approach, we show 
that heterogeneous coding practices are very likely 
to impact league tables based on adjusted mortality 
inferred from administrative data. The resulting error in 
distribution of incentives, for a tier-based programme, 
is around 7%. For AQ and HQID, total incentivisa-
tion budgets have reached £5 million (over the first 18 
months)4 and US$12 million USD (yearly),18 respec-
tively. This would translate into a substantial amount 
of resources being distributed either at random or to 
hospitals that are able to game the system. Given the 
sums at play, and depending on political resistance 
to perceived unfairness, one possibility for health 
policy makers is to implement the method we report 
here to correct for heterogeneous coding practices, 
provided an accepted gold standard can be agreed on. 
This could require significant manpower, since many 
medical records need to be re-examined for the correc-
tion to be precise, but it should be worth the effort in 
many cases.

The question of selection of medical records for 
centralised recoding is not trivial for several reasons. 
First, patients with few ailments will not allow for a 
good estimation of PPV due the lack of cases, thereby 
greatly reducing the effectiveness of the correction. 
Second, extrapolating validity is difficult, as suggested 
by high meta-analytical heterogeneity in validity 
studies,19 by the fact that PPV and NPV vary with 
prevalence and, more importantly, by the fact that 
even sensitivity and specificity seem to vary greatly 
depending on the population. We therefore expect 
that it would be invalid to derive sensitivity and speci-
ficity values on a high-mortality set and then use them 
on a more general population, as is evident in our 
sensitivity analyses on the overall patient population.

Comparisons involving different case mixes are often 
not stratified properly in the literature,20 but our results 
suggest as even if they were, having taken administra-
tive codes at face value may have flawed their results. 
In particular, the lack of national selection criteria that 
are actually standardised in practice (and not only in 
theory) may produce substantially different results 
for calculating hospital-wide mortality.21 Overall, we 
would argue either against the use of administrative 
data for case-mix adjustment in hospital performance 
benchmarking, or its restriction to high-prevalence 
populations, where some type of centralised coding 
heterogeneity check would be feasible. Furthermore, 
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Table 1 Characteristics of the discharge abstracts used for calculating mortality rates and of the random sample used for evaluation of 
estimating positive and negative predictive values

78 DRGs, stays
>0 night

Discharge abstracts before 
recoding

Discharge abstracts after 
recoding

(N=70 402) (N=715) (N=715)

Quantitative variables, median (IQR) 
  Age (years) 74 (60–83) 72 (61–82) 72 (61–82)
  Length of stay (days) 8.0 (4.0–14.0) 8.0 (3.5–15.0) 8.0 (3.5–15.0)
Logical variables, n (%) 
  Death during stay 7941 (11.3) 84 (11.7) 84 (11.7)
  Female 31 632 (44.9) 322 (45) 322 (45)
Elixhauser comorbidities, n (%) 
  Hypertension, uncomplicated 19 988 (28.4) 193 (27.0) 260 (36.4)
  Cardiac arrhythmia 14 711 (20.9) 169 (23.6) 210 (29.4)
  Congestive heart failure 11 304 (16.1) 115 (16.1) 139 (19.4)
  Solid tumour without metastasis 8302 (11.8) 101 (14.1) 132 (18.5)
  Weight loss 8130 (11.5) 82 (11.5) 67 (9.4)
  Chronic pulmonary disease 7055 (10.0) 73 (10.2) 79 (11.0)
  Renal failure 6908 (9.8) 62 (8.7) 72 (10.1)
  Diabetes, uncomplicated 6579 (9.3) 75 (10.5) 85 (11.9)
  Metastatic cancer 5984 (8.5) 77 (10.8) 92 (12.9)
  Fluid/electrolyte disorders 5384 (7.6) 55 (7.7) 97 (13.6)
  Diabetes, complicated 5088 (7.2) 45 (6.3) 47 (6.6)
  Other neurological disorders 5080 (7.2) 42 (5.9) 56 (7.8)
  Alcohol abuse 4558 (6.5) 42 (5.9) 41 (5.7)
  Valvular disease 4207 (6.0) 41 (5.7) 59 (8.3)
  Paralysis 4066 (5.8) 35 (4.9) 57 (8.0)
  Obesity 3926 (5.6) 35 (4.9) 45 (6.3)
  Peripheral vascular disease 3859 (5.5) 32 (4.5) 37 (5.2)
  Depression 3761 (5.3) 28 (3.9) 28 (3.9)
  Liver disease 3688 (5.2) 39 (5.5) 47 (6.6)
  Hypertension, complicated 2328 (3.3) 24 (3.4) 27 (3.8)
  Hypothyroidism 2235 (3.2) 23 (3.2) 29 (4.1)
  Coagulopathy 1956 (2.8) 18 (2.5) 23 (3.2)
  Deficiency anaemia 1760 (2.5) 16 (2.2) 22 (3.1)
  Pulmonary circulation disorder 1728 (2.5) 12 (1.7) 24 (3.4)
  Lymphoma 948 (1.3) 6 (0.8) 12 (1.7)
  Rheumatoid arthritis 891 (1.3) 5 (0.7) 5 (0.7)
  Blood loss anaemia 635 (0.9) 8 (1.1) 6 (0.8)
  Psychoses 543 (0.8) 4 (0.6) 4 (0.6)
  Drug abuse 320 (0.5) 2 (0.3) 1 (0.1)
  Peptic ulcer disease 244 (0.3) 0 (0.0) 1 (0.1)
  AIDS/HIV 147 (0.2) 2 (0.3) 2 (0.3)
Charlson comorbidities, n (%) 
  Congestive heart failure 11 304 (16.1) 115 (16.1) 139 (19.4)
  Chronic pulmonary disease 7055 (10.0) 73 (10.2) 79 (11.0)
  Diabetes, uncomplicated 6916 (9.8) 83 (11.6) 96 (13.4)
  Renal disease 6915 (9.8) 62 (8.7) 72 (10.1)
  Cancer 6661 (9.5) 74 (10.3) 91 (12.7)
  Metastatic cancer 5984 (8.5) 77 (10.8) 92 (12.9)
  Cerebrovascular disease 5420 (7.7) 35 (4.9) 48 (6.7)
  Dementia 4627 (6.6) 45 (6.3) 38 (5.3)
  Diabetes, complicated 4175 (5.9) 31 (4.3) 34 (4.8)
  Paraplegia and haemiplegia 4066 (5.8) 35 (4.9) 57 (8.0)

Continued
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78 DRGs, stays
>0 night

Discharge abstracts before 
recoding

Discharge abstracts after 
recoding

(N=70 402) (N=715) (N=715)

  Peripheral vascular disease 3859 (5.5) 32 (4.5) 37 (5.2)
  Myocardial infarction 2124 (3.0) 19 (2.7) 31 (4.3)
  Mild liver disease 1890 (2.7) 19 (2.7) 28 (3.9)
  Moderate/severe liver disease 1553 (2.2) 16 (2.2) 12 (1.7)
  Connective/rheumatic disease 711 (1.0) 3 (0.4) 4 (0.6)
  Peptic ulcer disease 574 (0.8) 3 (0.4) 4 (0.6)
  AIDS/HIV 147 (0.2) 2 (0.3) 2 (0.3)
Rounded individual ages are due to confidentiality restrictions. No data were missing for demographic and administrative variables. For data-derived 
comorbidities, the study design treats missing data as false negatives. All hospitals had 30 recoded abstracts regardless of their size, which causes some 
small discrepancies between the background set and the recoded set.
*DRG, diagnosis-related group.

Table 1 Continued

because cross-sectional comparison of institutions is 
not ideally suited to monitor hospital performance 
prospectively, tracking mortality over time at the indi-
vidual hospital level may be more efficient to reduce 
patient harm.22 Assuming that the risk of misinterpre-
tation due to variability in data coding and patient 
case-mix within the same hospital may be negligible 
compared with what is expected from one institution 
to another, each hospital would then be considered as 
its own performance benchmark.23

Keeping in mind that it was assessed by central 
recoders with their own potential biases, the overall 
quality of coding in our study was moderate, with 
significant variations between comorbidities (online 
supplementary table). Other studies for various specific 
indications such as venous thromboembolism,24 25 
arrhythmia,26 stroke,27 hypersensitivity reactions,28 
bone metastases,29 glaucoma,30 hip fractures,31 hidrad-
enitis suppurativa,32 acute kidney injury,33 overdoses34 
and sepsis19 35 have also found average validity, with 
significant variations between studies for the same 
condition.19 27 36 Under the French hospital payment 
system, patients with comorbidities are associated with 
higher payments to compensate for the higher burden 
of care, which may have favoured NPV over PPV and 
sensitivity over specificity. Conversely, the fact that 
most of the comorbidities are chronic conditions that 
are not necessarily a major component of the clinical 
picture seems to have had a strong effect in the oppo-
site direction, as comorbidity rates in the corrected 
set mostly went up. The restriction to a high-mor-
tality group increased prevalence to a certain extent, 
which may have favoured PPV at the expense of NPV 
compared with a more general population.

Our study is limited by its within-hospital sample 
size, which leads to uncertainty in corrected estimates 
of adjusted mortality and league tables based on them; 
our sensitivity analysis with triplicated data is an 
argument in favour of a higher sample size, around 
90 per hospital, to have comfortably accurate esti-
mates, especially if interaction terms have to be fitted. 

A weighed sampling strategy that avoids having vari-
ables with highly uncertain predictive value would 
also be useful. The same can be said of deaths which, 
in future iterations of the method, should also have 
a dedicated sampling strategy. Because of the design 
of incentives, statistical uncertainty may have added 
noise and increased the proportion of rewards counted 
as improperly allocated. However, our sensitivity anal-
yses make it very unlikely that the main effect is due 
to noise. Another limitation is the validity of the refer-
ence standard itself which, to a certain extent, limits 
our conclusions to claims about heterogeneity rather 
than true validity. The limited number of participating 
hospitals introduces a potential response bias at the 
hospital level; a more general population might have 
more or homogeneous coding practices, and further 
work should test for this. The adjusted mortality model 
was not extensively refined and seems to have resulted 
in wider mortality variations than usually seen, but 
this is more likely to have reduced ranking shifts and 
misallocation estimates than increased them. We did 
not integrate other sources of error such as statistical 
inaccuracy of estimates or lack of granularity regarding 
administrative data to describe underlying patient risk, 
but these are expected to be similar in the two anal-
yses with and without correction, so errors resulting 
from heterogeneous coding should be seen as distinct 
and added to them. Finally, we did not correct for 
heterogeneous validity of DRGs themselves, because 
this would have forced us to make imputations in the 
general, less severe hospital population, and we knew 
from sensitivity analyses that those would have been 
false; we are therefore likely to have underestimated 
the magnitude of bias due to heterogeneous validity.

Administrative coding improves with time, and it 
is possible that its quality could one day be sufficient 
to make comparisons between hospitals or healthcare 
providers that do not require correction. Our work 
has implications about how to measure and to improve 
data quality in healthcare but also more generally in 
all disciplines impacted by so-called big data, from 
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Table 2 Distribution of median estimates of PPV and NPV for hospital-comorbidity pairs
Median (IQR)
(min-max), in % PPV NPV

Elixhauser comorbidities 

  Hypertension, uncomplicated 95.8 (92.9–97.4) (70.9–98.6) 89.0 (81.1–92.2) (70.8–95.0)

  Cardiac arrhythmia 96.4 (94.8–97.5) (72.5–98.8) 92.8 (90.0–95.5) (80.3–97.0)

  Congestive heart failure 88.6 (75.7–92.5) (62.6–95.8) 94.8 (93.4–95.8) (85.2–97.1)

  Solid tumour without metastasis 80.5 (72.8–87.3) (53.1–93.3) 93.6 (89.6–94.9) (74.1–95.5)

  Weight loss 70.0 (51.4–80.8) (37.3–89.9) 97.6 (97.0–98.6) (91.4–98.9)

  Chronic pulmonary disease 84.4 (77.5–89.2) (48.3–94.0) 97.1 (96.6–98.2) (92.3–98.7)

  Renal failure 91.1 (86.6–93.6) (69.8–97.0) 98.0 (97.2–98.5) (94.1–98.9)

  Diabetes, uncomplicated 86.3 (80.4–90.7) (53.1–95.5) 97.3 (95.9–97.9) (93.1–98.5)

  Metastatic cancer 90.4 (88.1–93.9) (79.7–97.0) 96.9 (96.0–97.9) (90.6–98.5)

  Fluid/electrolyte disorders 87.7 (83.2–93.5) (58.6–96.2) 93.7 (90.5–96.4) (86.8–97.5)

  Diabetes, complicated 89.2 (83.5–92.3) (58.6–96.3) 98.9 (98.5–99.2) (97.7–99.4)

  Other neurological disorders 93.3 (90.4–95.7) (77.1–97.9) 98.1 (97.6–98.5) (95.6–99.0)

  Alcohol abuse 90.4 (83.1–93.3) (67.9–96.5) 99.4 (99.3–99.5) (98.9–99.7)

  Valvular disease 90.0 (85.8–93.0) (60.7–96.5) 97.5 (96.4–98.3) (91.9–98.7)

  Paralysis 93.3 (90.0–95.6) (76.8–97.7) 97.4 (96.5–97.8) (91.5–98.7)

  Obesity 90.4 (86.6–93.6) (73.0–96.9) 98.4 (98.1–98.8) (96.2–99.2)

  Peripheral vascular disease 84.8 (77.0–89.6) (53.6–94.4) 98.6 (98.1–98.9) (95.4–99.3)

  Depression 88.1 (83.7–93.0) (72.7–96.4) 99.5 (99.4–99.6) (99.2–99.7)

  Liver disease 86.2 (77.6–90.2) (63.4–95.3) 98.2 (97.4–98.6) (95.8–99.0)

  Hypertension, complicated 92.0 (88.4–94.5) (73.3–97.3) 99.4 (99.3–99.6) (98.2–99.7)

  Hypothyroidism 87.5 (83.5–92.1) (57.3–96.1) 99.0 (98.7–99.2) (97.0–99.4)

  Coagulopathy 88.3 (83.7–92.1) (64.7–96.1) 99.2 (99.0–99.3) (97.6–99.5)

  Deficiency anaemia 92.5 (88.2–95.0) (76.9–97.5) 99.2 (99.1–99.5) (98.1–99.6)

  Pulmonary circulation disorder 93.6 (89.9–95.4) (76.8–97.7) 98.7 (98.4–99.0) (96.5–99.3)

  Lymphoma 92.1 (88.5–94.6) (73.4–97.4) 99.4 (99.0–99.5) (98.8–99.7)

  Rheumatoid arthritis 88.8 (83.4–92.3) (65.4–96.3) 99.8 (99.8–99.9) (99.7–99.9)

  Blood loss anaemia 85.1 (76.7–89.8) (56.1–94.8) 99.8 (99.8–99.9) (99.6–99.9)

  Psychoses 88.8 (83.4–92.1) (65.5–96.2) 99.8 (99.8–99.9) (99.7–99.9)

  Drug abuse 87.1 (80.9–91.0) (61.7–95.5) 99.9 (99.9–99.9) (99.8–99.9)

  Peptic ulcer disease 89.6 (84.6–92.8) (67.1–96.5) 99.8 (99.8–99.9) (99.7–99.9)

  AIDS/HIV 90.6 (86.4–93.5) (69.7–96.8) 99.9 (99.9–99.9) (99.8–99.9)

Charlson comorbidities 

  Congestive heart failure 85.7 (80.9–88.3) (76.0–90.8) 94.9 (92.3–95.3) (86.9–96.6)

  Chronic pulmonary disease 80.6 (75.2–83.8) (67.0–87.0) 97.5 (96.4–97.9) (93.4–98.2)

  Diabetes, uncomplicated 85.5 (81.3–88.4) (73.6–91.0) 96.8 (95.8–97.6) (92.8–97.9)

  Renal disease 86.8 (84.1–89.9) (78.9–92.2) 97.7 (97.4–98.3) (95.3–98.4)

  Cancer 67.5 (61.4–72.8) (54.1–78.5) 94.8 (92.2–95.3) (84.9–96.5)

  Metastatic cancer 88.4 (85.1–90.2) (81.3–92.5) 97.3 (96.3–97.7) (90.8–98.0)

  Cerebrovascular disease 71.3 (66.0–74.8) (57.5–81.6) 97.0 (96.0–97.8) (94.8–98.1)

  Dementia 78.9 (72.9–82.9) (65.4–86.7) 99.5 (99.5–99.5) (99.0–99.6)

  Diabetes, complicated 83.9 (80.2–86.4) (73.0–89.6) 99.1 (98.7–99.1) (98.0–99.2)

  Paraplegia and haemiplegia 90.3 (87.4–92.0) (83.0–93.8) 97.2 (96.9–97.9) (93.2–98.2)

  Peripheral vascular disease 78.6 (74.4–82.6) (66.8–86.2) 98.7 (98.2–98.8) (96.4–98.9)

  Myocardial infarction 81.8 (77.2–85.1) (70.7–88.2) 98.4 (97.9–98.5) (95.9–98.7)

  Mild liver disease 73.6 (67.5–77.8) (58.4–82.3) 98.1 (97.9–98.5) (96.1–98.7)

  Moderate or severe liver disease 64.4 (57.4–69.5) (49.2–75.5) 99.4 (99.4–99.5) (99.1–99.5)

  Connective tissue/rheumatic disease 84.9 (81.1–87.6) (75.1–90.5) 99.8 (99.8–99.8) (99.7–99.8)

  Peptic ulcer disease 79.4 (74.3–82.8) (65.4–86.8) 99.7 (99.7–99.7) (99.4–99.8)

  AIDS/HIV 83.6 (79.3–86.5) (73.0–89.5) 99.9 (99.9–99.9) (99.8–99.9)

The table is read as follows: for the coding of uncomplicated hypertension, the worst hospital had an estimated (median) PPV of 70.9%, the best of 98.6% and half of hospitals were in the 92.9 to 97.4 range.
NPV, negative predictive value; PPV, positive predictive value.

epidemiology to economics. Given the highly hetero-
geneous settings in which big data are collected, the 
saying ‘garbage in, garbage out’ is even more relevant 
for big data studies than for small-scale data analysis. 
Analysts should be wary of this weakness, and algo-
rithms should be tuned in order to account for it. 

Scientists, policymakers and physicians should not 
disregard heterogeneous coding validity when they 
interpret findings and make judgements based on 
routinely collected data.
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Figure 2 Shifts upon correction. The left side of the panel corresponds 
to an analysis with the Elixhauser comorbidity list (A, C, E, G and I); the 
right corresponds to the Charlson comorbidity list (B, D, F, H and J). (A and 
B) Funnel plots for adjusted relative risk of death. (C and D) Ranked forest 
plot of relative risk change upon correction, with mean gain/loss of ranks. 
Negative values are losses, whiles positive values are gains. The dispersion 
for corrected estimates is drawn with width proportional to percentile (the 
median has maximum width, quartiles have half the median width and so 
on). Regression coefficient uncertainty is not represented for either case. (E 
and F) Errors in hospital league table ranks due to heterogeneity. (G and H) 
Error in hospital-level financial bonuses. (I and J) Error in programme-level 
budget incentives allocation. Due to the granular structure of the payouts 
(which corresponds to AQ and HQID), only 19 values of misallocation are 
possible from 0 to 100%. AQ, Advancing Quality; HQID, Hospital Quality 
Incentive Demonstration.
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