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Abstract 

Background  How to assess the importance of predictors in systematic reviews (SR) of prediction models remains 
largely unknown. The commonly used indicators of importance for predictors in individual models include parameter 
estimates, information entropy, etc., but they cannot be quantitatively synthesized through meta-analysis.

Methods  We explored the synthesis method of the importance indicators in a simulation study, which mainly solved 
the following four methodological issues: (1) whether to synthesize the original values of the importance indicators 
or the importance ranks; (2) whether to normalize the importance ranks to a same dimension; (3) whether and how 
to impute the missing values in importance ranks; and (4) whether to weight the importance indicators according 
to the sample size of the model during synthesis. Then we used an empirical SR to illustrate the feasibility and validity 
of the synthesis method.

Results  According to the simulation experiments, we found that ranking or normalizing the values of the impor-
tance indicators had little impact on the synthesis results, while imputation of missing values in the importance ranks 
had a great impact on the synthesis results due to the incorporation of variable frequency. Moreover, the results 
of means and weighted means of the importance indicators were similar. In consideration of accuracy and interpret-
ability, synthesis of the normalized importance ranks by weighted mean was recommended. The synthesis method 
was used in the SR of prediction models for acute kidney injury. The importance assessment results were approved 
by experienced nephrologists, which further verified the reliability of the synthesis method.

Conclusions  An importance assessment of predictors should be included in SR of prediction models, using 
the weighted mean of importance ranks normalized to a same dimension in different models.
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Background
Systematic review (SR) is one of the most important 
methods to obtain high-quality evidence from published 
or unpublished literature and to guide medical decision-
making [1]. By qualitatively summarizing the charac-
teristics of the individual studies and/or quantitatively 
synthesizing the effect size estimations, SR can combine 
the best available information and provide more con-
vincing conclusions for a specific research question. The 
methodology for synthesizing results of treatment stud-
ies and diagnostic studies has been well developed [2, 3]. 
However, for prognostic studies, especially those aimed 
to develop prediction models for a certain clinical out-
come, how to conduct SR and summarize the charac-
teristics and performance of the existing models need 
further clarification.

Several guidance papers have been published to 
address the methodological issues involved in SR of 
prediction models. For example, checklists have been 
formulated for critical appraisal and data extraction in 
SR of prediction models [4], methods have been pro-
posed to synthesize the model performance [5], and new 
tools have been developed to assess the risk of bias and 
applicability of the individual studies [6]. In some cases, 
the  Transparent Reporting of a multivariable prediction 
model for Individual Prognosis Or Diagnosis (TRIPOD) 
score can be used to evaluate the reporting quality of the 
models [7, 8]. However, aside from the issues mentioned 
above, another important issue for SR of prediction mod-
els is to assess the importance of predictors. Tradition-
ally, predictors are listed by the frequency of appearance 
[8, 9], with the assumption that the more frequent a 
predictor is included in the individual models, the more 
important it is. But demographic variables are more likely 
to be considered, even if sometimes they are not effective 
predictors of the outcome. On the contrary, some predic-
tors with high impacts are included in only a few models 
because of the difficulties in measurement or the inacces-
sibility of measurements in terms of time. It is necessary 
to propose a more appropriate algorithm to assess the 
importance of predictors in SR of prediction models.

Meta-analysis of parameter estimates (e.g., odds ratio 
[OR]) of a predictor from several statistical models may 
be a good approach to evaluate the predictive value of the 
predictor to the outcome. However, with the advances 
in computer technology in recent years, more and more 
models are developed based on machine learning, and 
they usually provide a black-box calculator rather than 
parameter estimates [10, 11]. When conducting SR of 
machine learning models, researchers can only obtain 
information about which predictors are included in and 
how important are they evaluated by information indi-
ces such as information entropy [12]. Such information 

indices cannot be quantitatively combined with tradi-
tional statistical indices through meta-analysis to assess 
the overall importance of predictors.

For clarity, we defined the statistical or information 
indices that present the importance of predictors in indi-
vidual models as the “importance indicator”, the values of 
the importance indicators as the “importance value”, and 
the ranks of the importance values as the “importance 
rank”. The commonly used importance indicators include 
OR for logistic regression models [13, 14], split order for 
tree-based algorithms [13–15], and feature importance 
score for gradient boosting classifiers [16, 17], etc. A pos-
sible method to combine different importance indicators 
for predictors in SR of prediction models is to rank the 
predictors according to their importance in each model 
at first, and then synthesize the importance ranks rather 
than the original importance values. But different mod-
els often include different numbers of variables, and the 
dimension of ranks may be widely divergent. For exam-
ple, ranking 5th in a model that includes only 5 variables 
or in a model that includes 100 variables are completely 
incomparable. Moreover, if a variable is not included in a 
specific model (either not measured or excluded at vari-
able screening), whether to consider it as a missing value 
or the least important predictor during synthesis is also 
an issue to be solved.

Therefore, we explored the synthesis method of the 
importance indicators in SR of prediction models 
through a simulation study. By comparing the impor-
tance assessment results of different synthesis methods 
with the simulated “real importance”, the best performed 
method would be determined. Then we used an empirical 
SR to illustrate the application of the synthesis method. 
Our study aimed to figure out how to assess the impor-
tance of predictors in SR of prediction models.

Methods
Simulation experiments
When synthesizing the importance indicators in SR of 
prediction models, the simplest way is to calculate the 
mean importance value for each predictor. However, four 
methodological concerns were involved in the synthesis 
process. First, as the values of different importance indi-
cators were not combinable, should we rather use the 
importance ranks? Second, considering that different 
models included different numbers of variables, should 
we normalize the importance ranks to a same dimension? 
Third, for predictors that are not included in a specific 
model, should we impute the least important ranks for 
them? Fourth, during the synthesis analysis, should we 
weight the importance values or ranks according to the 
sample size of the model? We generated several simula-
tion experiments to answer the above four questions.



Page 3 of 12Yan et al. BMC Medical Research Methodology           (2025) 25:38 	

Referring to the real-world conditions while not losing 
generality, we assumed that 30 prediction models (M1-
M30) were screened in a SR, each of which included a 
number of predictors ranging from 5 to 100. All predic-
tors formed a variable pool of 300 variables (V1-V300). 
The true importance ranks of the predictors were marked 
by the number, i.e., V1 means the most important predic-
tor and V300 means the least important predictor.

In the simulation study, we firstly sampled an integer 
from 5 to 100 as the number of predictors in a model 
(p), and then randomly selected p predictors from the 
variable pool. We assumed that the importance ranks of 
these predictors varied around their true ranks, with a 
deviation of no more than 10% × p. Therefore, we added 
a random integer between −10% × p to 10% × p to the 
true rank of each predictor, and re-ranked the addition 
results to obtain the final importance ranks of all predic-
tors in a specific model. If the addition results were the 
same for more than one predictor, the ranks among these 
predictors would be referred to their true ranks. The dif-
ference between the final ranks and the true ranks might 
be slightly exceed to 10% × p because of the interaction of 
the ranks, but this did not affect our overall assumption.

The importance values were subsequently simulated 
between 0 and 1 regardless of the corresponding impor-
tance indicators, assuming that all values were in prior 
scaled to a range of 0 to 1 to ensure their dimensional 
comparability. Specifically, in a model that included sev-
eral predictors, the importance value of the predictor 
that ranked first was specified as 1, the importance value 
of the predictor that ranked last was specified as 0, and 
the importance values of other predictors were sampled 
from a uniform distribution, with more important pre-
dictors specifying greater important values. The above 
process was repeated 30 times, to represent the 30 mod-
els in a SR. Since large-scale studies tended to consider 
more predictors, we assumed that the sample size of each 
model was proportional to the number of predictors for 
simplicity.

Scenario settings
The first simulation experiment aimed to decide whether 
to synthesize the importance values or the importance 
ranks. Therefore, we compared the importance assess-
ment results of scenario A which synthesized the impor-
tance values and scenario B which synthesized the 
importance ranks. We supposed that synthesis of the 
importance ranks might be more reasonable, and thus 
how to normalize and impute the importance ranks were 
the key problems to be solved in the second and third 
experiments. Taking scenario B as the reference, scenario 
C synthesized the importance ranks that were normal-
ized to 1 to the maximum rank (r), with lower values 

indicating more important predictors. For a model with 
p variables, if a variable was ranked as k, the normal-
ized rank would be 1 + (k − 1)/(p − 1) × (r − 1). Scenario 
D synthesized the importance ranks that were imputed 
for missing by the maximum rank, based on the assump-
tion that predictors not mentioned by a model were 
considered as the least important. We did not consider 
the normalization or imputation method for the origi-
nal importance values, because the range of importance 
values can vary widely depending on the importance 
indicator, and thus normalization to 0 to 1 in advance is 
important for the comparability of the importance val-
ues. On the other hand, imputation is not possible for the 
original importance values. In each scenario, the impor-
tance values or ranks were synthesized by mean (scenar-
ios A, B, C, and D) and weighted mean (scenarios A’, B’, C’, 
and D’) respectively, where weight was the sample size of 
the model.

For example, model M3 included five predictors V49, 
V133, V215, V245, and V282. Since only ± 0.5 deviation 
from the true ranks was allowed, the importance ranks 
of these predictors were the same as the true ranks. 
The importance values were randomly simulated as 1, 
0.68, 0.54, 0.04, and 0, respectively. In scenario A, the 
above values were extracted for the five predictors, and 
the importance values for other predictors in the vari-
able pool were regarded as missing. In scenario B, the 
importance ranks of V49, V133, V215, V245, and V282 
were assigned as 1, 2, 3, 4, and 5, respectively. The impor-
tance ranks of other predictors were regarded as miss-
ing. In scenario C, the importance ranks of V49, V133, 
V215, V245, and V282 were normalized to 1, 75, 149, 
223, and 297, respectively (the maximum rank was 297 
because only 297 of the 300 predictors were selected by 
the 30 models and formed the variable pool). The impor-
tance ranks of other predictors were regarded as missing. 
In scenario D, the importance ranks of V49, V133, V215, 
V245, and V282 were 1, 2, 3, 4, and 5, respectively. The 
importance ranks of other predictors were all imputed as 
297. A more complicated example of model M1 (with 74 
predictors) is provided in Table S1 in Additional file 1.

The accuracy of the synthesis methods was evaluated 
by the difference of the synthesized importance ranks 
from the true ranks. The method that obtained the most 
accurate synthesized ranks would be used to assess the 
importance of predictors in an empirical SR of prediction 
models.

Empirical systematic review
In order to illustrate how the synthesis method derived 
from the simulation study can be applied to empirical 
research, a SR of prediction models for acute kidney 
injury (AKI) in general hospital populations was taken 
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as an example. The framing of the question, data extrac-
tion, appraisal, and reporting of this review followed 
the CHecklist for critical Appraisal and data extraction 
for systematic Reviews of prediction Modelling Studies 
(CHARMS) [4] and the  Preferred Reporting Items for 
Systematic review and Meta-Analysis (PRISMA) state-
ment [3].

The search terms included controlled vocabulary 
and keywords for (acute kidney injury or acute renal 
failure) and (prediction model or predict). The fol-
lowing English and Chinese databases were system-
atically searched from January 1, 2010 to June 6, 2022, 
including Medline (PubMed), Embase, Web of Science, 
Cochrane Library, CNKI, Wan Fang, Sinomed, and 
VIP. Detailed search strategies are shown in Table  S2 
in Additional file  1. The literature was screened by 
two investigators based on titles and abstracts, and 
full articles were reviewed if eligible, with disagree-
ments resolved by a third reviewer. The inclusion and 
exclusion criteria are shown in Table  S3 in Additional 
file 1. Data extraction was performed by two investiga-
tors with disagreements resolved by a third investiga-
tor. The data extraction form was determined based on 
the CHARMS Checklist  [4]  and previous reviews  [8] 
(shown in Table S4 in Additional file 1), which included 
information on study design, participants, settings, data 
collection timeframe, outcome with definitions, sample 
size, modeling method, variable selection method, indi-
cators for variable importance, and number and type of 
predictors.

Importance indicators
Importance indicators of predictors reported by individ-
ual models included parameter estimates [13, 14, 17–29], 
importance rank [13–15, 30], importance score [16, 17], 
information gain [12], chi-square value [31], change of 
model accuracy [11], and selection frequency in several 
modeling iterations [14]. Values of importance indicators 
were extracted from each model, and were normalized to 
0–1 using the min–max normalization method, i.e., the 
minimum and maximum values that the indictor attained 
in the model were set to 0 and 1, respectively, while the 
other values were set proportionally between 0 and 1. For 
models which provided parameter estimates, only predic-
tors that showed statistical significance were extracted. 
If OR was provided [13, 14, 18–22], β was calculated 
according to the logarithm of OR, and was regarded as 
the importance value for further synthesis. Then, the 
importance values were processed as the importance 
ranks in each model if necessary. The overall importance 
was assessed according to the synthesis method recom-
mended by the simulation study.

Evaluation of the algorithm
To verify the importance assessment results of the empir-
ical SR, a questionnaire survey was conducted based on 
purposive sampling to collect Chinese nephrologists’ 
opinions regarding whether the predictors of AKI were 
important or not. The variable pool consisting of all pre-
dictors mentioned in the SR of prediction models for AKI 
was stratified by the quartile of the synthesized impor-
tance ranks, and six predictors were randomly sampled 
from each stratum. A total of 24 predictors were included 
in the questionnaire for the question “Do you think this 
predictor is important for AKI prediction? -Impor-
tant/Unimportant/Unknown”. The proportion of neph-
rologists selecting “Important” for each predictor was 
calculated.

Results
Simulation results
The simulated importance values of predictors in 30 
models are provided in Table S5 in Additional file 1. Fig-
ure  1 displays the importance heat map of predictors 
considered by seven or more models, and the impor-
tance heat map of all predictors is shown in Figure S1 in 
Additional file  1. The importance assessment results of 
scenarios A, B, and C were similar and close to the true 
rank, indicating that the synthesis results were hardly 
affected by the ranking of original importance values 
or the normalization of ranks. On the other hand, the 
results of scenario D showed substantial differences from 
other scenarios, suggesting that imputation might have 
a great impact on the synthesis results. Because predic-
tors missing in a model would be assigned the maximum 
rank, the fewer a predictor was considered by models, 
the greater the rank mean and the lower the importance. 
In other words, the synthesized rank of a predictor would 
be largely determined by its frequency of appearance in 
scenario D. Therefore, predictors that appeared in at least 
seven models in Fig. 1 were almost ranked as Quartile 1 
in scenario D, but not necessarily in terms of their true 
importance. As the results of scenarios with or without 
quotes were similar, whether weighting the sample size of 
each model in the synthesis process has little influence on 
the synthesis results.

Table  1 further compared the importance assess-
ment results in different scenarios. Although synthesis 
of importance values, importance ranks, and normal-
ized importance ranks could all obtain relatively accu-
rate results, the performance of synthesizing normalized 
importance ranks by weighted mean (scenario C’) was 
the best. The differences between the synthesized ranks 
and the true ranks ranged from −33 to 49, with a median 
(interquartile range) of 0 (−7, 8). More than 2/3 of the 
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synthesized ranks were within 10 of the true ranks, and 
the proportion within 30 (10% of the total number of 
predictors in the variable pool) was 99.33%. By contrast, 
synthesis of imputed importance ranks showed the least 
accuracy. Based on the above simulation results, we syn-
thesized the normalized importance ranks by weighted 
mean in the following empirical SR.

Study characteristics
In the SR of prediction models for AKI in general hos-
pital populations, 8159 potentially eligible records were 
firstly identified. After screening titles and abstracts, 
full-text evaluation was carried out for 309 records, and 
27 studies were finally included (the PRISMA study flow 
chart was shown in Fig. 2) [11–37]. The basic character-
istics of the included studies are shown in Table  2 and 
Table S6 in Additional file 2. Of the 27 studies, only one 
was conducted prospectively. Twenty-two were cohort 

studies and five were case–control studies (including one 
nested case–control study). Nine studies were performed 
in multi-centers. The AKI incidence in general hospital 
populations ranged from 0.1% to 14.4%, varying with dif-
ferent AKI definitions and classifications.

A total of 41 prediction models were reported by the 
included studies (Table 3). Among them, 24 models used 
logistic regression or derived methods for modeling 
(such as ordinal logistic regression, Bayesian logistic 
regression, penalized logistic regression, least absolute 
shrinkage and selection operator [LASSO] regression, 
etc.), and 17 models used machine learning methods 
(such as random forest, gradient boosting machine 
[GBM], lightGBM, XGBoost, Adaboost, recurrent neural 
network [RNN], multilayer perceptron [MLP], etc.). The 
number of predictors considered by models ranged from 
5 to 2048. Thirty models provided importance informa-
tion of predictors. For statistical models, importance was 

Fig. 1  Importance heat map of the predictors in the simulated prediction models (Freq ≥ 7) 

Scenario A synthesized the importance values (ranged from 0 to 1, with higher values indicating more important predictors). Scenario B synthesized 
the importance ranks (ranged from 1 to 93, with lower values indicating more important predictors). Scenario C synthesized the normalized 
importance ranks (ranged from 1 to 297, with lower values indicating more important predictors). Scenario D synthesized the imputed 
importance ranks (ranged from 1 to 297, with lower values indicating more important predictors). Scenarios without quotes calculated the means 
of importance values or ranks. Scenarios with quotes calculated the weighted means weighted by the sample size of each model. The true 
importance ranks were marked by the number of the respective variables (e.g., variable V5 has the true rank 5)
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mainly assessed by β or OR. For machine learning mod-
els, importance was generally assessed by importance 
score or rank.

Importance assessment
Among the 30 models with importance indicators, 255 
predictors were considered in total, including 6 demo-
graphic characteristics, 69 medications, 85 diagnoses, 70 
laboratory indicators, and 25 other variables (Table  S7 
in Additional file  1). Age (Freq = 21), diabetes mellitus 
(Freq = 17), serum creatinine (SCr, Freq = 15), blood urea 
nitrogen (BUN, Freq = 14), and glomerular filtration rate 
(GFR, Freq = 14) were most frequently used for modeling.

After excluding 161 predictors only reported in one 
study that might affect the stability of overall rank-
ing, the following 24 predictors were placed in the top 
quarter, including 5 medications (nonsteroidal anti-
inflammatory drugs [NSAIDs], angiotensin-converting 
enzyme inhibitors [ACEI] or angiotensin receptor block-
ers [ARB], diuretics, vancomycin, aminoglycosides), 7 
diagnoses (shock, heart failure [HF], respiratory failure 
[RF], chronic kidney disease [CKD], chronic urologic dis-
ease [CUD], hypertension [HTN], prior AKI), 9 labora-
tory indicators (serum potassium [K], serum phosphate 
[P], SCr, serum magnesium [Mg], urea acid [UA], heart 
rate [HR], BUN, GFR, respiratory rate [RR]), and 3 other 
variables (cardiovascular surgery, major surgery, contrast 
agent). The importance heat map of these predictors is 
shown in Fig.  3. No demographic characteristics were 
considered as the most important predictors for AKI in 
general hospital populations.

We further surveyed the approval of nephrologists of 
this ranking through a network questionnaire. A total of 
66 Chinese nephrologists who engaged in the research 
of AKI participated in the survey. Of the six predictors 
ranked as Quartile 1 of importance that included in the 
questionnaire, five were considered as important by more 
than 90% experienced nephrologists (Table  S8 in Addi-
tional file 1). The clinical cognition showed high consist-
ency with the synthesis results.

Discussion
In this study, we used statistical simulations and a case 
study to explore methods for assessing the importance 
of predictors in SR of prediction models. We noticed 
that the weighted mean of importance ranks normalized 
to a same dimension in different models could provide 
the most accurate importance assessment results while 
maintaining interpretability. Illustration of an empirical 
SR showed that, although some variables were frequently 
modeled, their predictive values were limited. On the 
contrary, some variables of high importance were not 
widely recognized. Therefore, when evaluating the value 
of predictors, frequency and importance should be com-
prehensively considered.

SR of prediction models typically only report the fre-
quency of predictors to indicate the degree of attention 
paid to the predictors [8, 38–40]. However, frequency is 
not equivalent to importance. As shown in our empiri-
cal SR, SCr, BUN, and GFR were important predictors 
for AKI in general hospital populations, and they were 
considered in 14 or more models, which suggested that 
their effects on AKI have been fully understood. By 

Table 1  Comparison of the importance assessment results in different scenariosa

Scenario A synthesized the importance values. Scenario B synthesized the importance ranks. Scenario C synthesized the normalized importance ranks. Scenario D 
synthesized the imputed importance ranks. Scenarios without quotes calculated the means of importance values or ranks. Scenarios with quotes calculated the 
weighted means weighted by the sample size of each model
a The table presents the mean (SD), the median (Q1, Q3), and the min/max value of the differences between the synthesized importance ranks and the true ranks for 
the 297 predictors, as well as the proportions that the synthesized importance ranks equal to, or within 5/10/30 of the true ranks among the 297 predictors

Scenario A Scenario A’ Scenario B Scenario B’ Scenario C Scenario C’ Scenario D Scenario D’

Difference from the true rank

  Mean 0 0 0 0 0 0 0 0

  SD 14.95 14.58 32.70 29.94 11.80 11.92 113.71 112.71

  Min −42 −39 −140 −140 −31 −33 −286 −271

  Q1 −10 −10 −14 −13 −7 −7 −73.5 −82

  Median −1 0 2 3 1 0 −8 −1

  Q3 9 9 19.5 16 7 8 74 75

  Max 54 50 74.5 68 49 49 276 284

Equal to the true rank (%) 2.69 3.03 1.68 1.68 2.69 5.05 0.67 0.67

Within 5 of the true rank (%) 33.00 31.65 19.53 23.23 37.04 38.72 3.03 4.71

Within 10 of the true rank (%) 55.56 56.23 34.01 36.70 67.68 67.00 8.08 8.42

Within 30 of the true rank (%) 96.30 96.30 73.40 76.09 98.99 99.33 21.21 22.56
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contrast, cardiovascular surgery and shock were the two 
most important predictors identified by our research, 
but they were included in only two models published in 
2021, indicating that they still need further investigation 
and consideration in the establishment of future models. 
Although bicarbonate (HCO3

-), hemoglobin (Hb), and 
albumin (ALB) were considered by 8 models among all 
30 models, the synthesized importance ranks of these 
predictors were low, indicating that their actual impacts 
on AKI might be overestimated. Given the above incon-
sistencies between frequency and importance ranks, the 
importance assessment of predictors in SR of prediction 
models is as important, if not more important, than the 
frequency assessment.

The indicator of importance for predictors in tradi-
tional statistical models is usually their parameter esti-
mates. With the development of machine learning, more 
and more indicators are used to reflect importance, 

including split order (for tree-based algorithms) [13–15], 
feature importance score (for gradient boosting classi-
fiers) [16, 17], and change of model accuracy (for neural 
networks) [23]. However, few studies have focused on 
and evaluated these importance indicators. Sanchez-
Pinto et al. have assessed the importance of variables by 
heat maps to compare different variable selection meth-
ods for clinical predictive modeling [41]. Till now, no 
studies have proposed methods to synthesize the impor-
tance indicators.

There are four major problems in the process of syn-
thesizing importance indicators: (1) whether to synthe-
size the original importance values or the importance 
ranks; (2) whether to normalize the importance ranks to 
a same dimension; (3) whether and how to impute the 
missing values in importance ranks; and (4) whether to 
synthesize importance indicators by means or weighted 
means. According to our simulation experiments, we 

Fig. 2  PRISMA study flow chart
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Table 2  Basic characteristics of the included studies

Abbreviation: R retrospective, P prospective, EHR electronic health record, AKI acute kidney injury, CA-AKI community-acquired acute kidney injury, AKIN Acute Kidney 
Injury Network, RIFLE Risk, Injury, Failure, Loss, and End-stage kidney classification, KDIGO Kidney Disease: Improving Global Outcomes

Author, year Country Design Multicenter Data 
collection 
timeframe

Sample size Number of 
events

Event rate Event AKI definition

Drawz, 2008 
[18]

USA R, case–con-
trol

Yes (3) 2003 540 180 / any AKI AKIN

Matheny, 2010 
[23]

USA R, cohort Yes (EHR) 1999–2003 26,107 1352 5.2% risk or injury RIFLE

Forni, 2013 
[24]

UK R, cohort No / 1314 95 7.2% any AKI KDIGO

Cronin, 2015 
[13]

USA R, cohort Yes (116) 2003–2012 1,620,898 128,457 7.9% any AKI KDIGO

Bedford, 2016 
[19]

UK R, cohort No 2011 27,532 2514 9.1% any AKI (24 h 
or 72 h)

KDIGO

Kate, 2016 [20] USA R, cohort No 2013 25,045 1782 7.1% any AKI AKIN

Koyner, 2016 
[31]

USA R, cohort Yes (5) 2008–2013 202,961 17,541 8.6% any AKI KDIGO

Cheng, 2017 
[32]

USA R, cohort No 2007–2016 48,955 4405 9.0% any AKI KDIGO

Davis, 2017 
[14]

USA R, cohort No 2003–2012 170,675 13,142 7.7% any AKI KDIGO

He, 2018 [33] USA R, cohort No 2007–2016 76,957 7259 9.4% any AKI KDIGO

Koyner, 2018 
[16]

USA R, cohort No 2008–2016 121,158 17,482 14.4% any AKI KDIGO

Mohamadlou, 
2018 [34]

USA R, cohort Yes (2) 2001–2012, 
2008–2017

68,319 1410 2.1% stage 2 or 3 
AKI

KDIGO

Weisenthal, 
2018 [17]

USA R, case–con-
trol

No / 90,013 5618 / any AKI KDIGO

Li, 2019 [35] China R, case–con-
trol

No 2012 1698 840 / any AKI KDIGO

Zhang, 2019 
[15]

China R, cohort No 2012–2016 90,780 7983 8.8% any AKI KDIGO

Tomasev, 2019 
[11]

UK, USA R, cohort Yes (114) 2011–2015 703,782 94,307 13.4% any AKI KDIGO

Hsu, 2020 [30] China (Tai-
wan)

R, nested 
case–control

No 2010–2017 224,867 19,448 8.6% any CA-AKI KDIGO

Kate, 2020 [12] USA R, cohort Yes (15) 2013–2015 44,691 3786 8.5% any AKI AKIN

Safadi, 2020 
[21]

USA R, cohort No 2013–2014 7048 765 10.9% any AKI KDIGO

Su, 2021 [22] China R, case–con-
trol

No 2014–2015 310 112 / any AKI KDIGO

Carpio, 2021 
[25]

Spain R, cohort No 2011–2017 165,893 95 0.1% stage 3 AKI KDIGO

Chen, 2021 
[26]

China R, cohort Yes (3) 2014–2015 80,091 4108 5.1% any AKI KDIGO

Elrewihby, 
2021 [27]

Egypt P, cohort No 2019 10,243 107 1.0% any AKI KDIGO

Kim, 2021 [36] Korea R, cohort Yes (2) 2013–2017 149,108 2791 1.9% any AKI KDIGO

Martin-Cleary, 
2021 [28]

Spain R, cohort No 2015–2016 47,466 2385 5.0% any AKI KDIGO

Segarra, 2021 
[29]

Spain R, cohort No 2017–2018 58,397 2260 3.9% any AKI KDIGO

Xu, 2021 [37] China R, cohort No 2019 47,960 2694 5.6% any AKI KDIGO
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Table 3  Technical details of the prediction models

Abbreviation: LR logistic regression, LASSO least absolute shrinkage and selection operator, RF random forest, GBM gradient boosting machine, MLP multilayer 
perceptron, RNN recurrent neural network, AIC Akaike information criterion, OR odds ratio
a L1% selected refers to the times a predictor was selected in 200 L-1 penalized logistic regression (L1) modeling iterations;
b ∆Accuracy refers to the change of model accuracy when a predictor’s value was substantially increased

Model ID Author, year Modeling method Variable selection method Importance indicator Number of 
predictors

M1 Drawz, 2008 [18] LR Backward OR 5

M2 Matheny, 2010 [23] LR / β 27

M3 Forni, 2013 [24] LR / β 7

M4 Cronin, 2015 [13] LR / OR 96

M5 Cronin, 2015 [13] LASSO regression / OR 83

M6 Cronin, 2015 [13] RF / Importance rank 95

M7 Bedford, 2016 [19] Ordinal LR Backward OR 26

M8 Bedford, 2016 [19] Ordinal LR Backward OR 28

M9 Kate, 2016 [20] LR / OR 6

M10 Koyner, 2016 [31] LR / Chi-squared value 25

/ Cheng, 2017 [32] LR / / 2048

/ Cheng, 2017 [32] RF / / 2048

/ Cheng, 2017 [32] AdaBoostM1 / / 2048

M11 Davis, 2017 [14] LR Significant variables in univariate analyses OR 23

M12 Davis, 2017 [14] RF Significant variables in univariate analyses Importance rank 23

M13 Davis, 2017 [14] Penalized LR Significant variables in univariate analyses L1% selecteda 23

/ He, 2018 [33] LR The Remove Useless node in Weka to remove 
attributes that do not vary at all or vary too much 
in the training set with a default threshold of 99%

/ 917

/ He, 2018 [33] RF The Remove Useless node in Weka to remove 
attributes that do not vary at all or vary too much 
in the training set with a default threshold of 99%

/ 917

M14 Koyner, 2018 [16] GBM / Importance score 20

/ Mohamadlou, 2018 [34] XGBoost / / 6

M15 Weisenthal, 2018 [17] GBM All extremely sparse features (with fewer than 100 
non-zero or non-missing elements) were removed

Importance score 21

M16 Weisenthal, 2018 [17] Penalized LR All extremely sparse features (with fewer than 100 
non-zero or non-missing elements) were removed

Absolute L1 coefficient 18

/ Li, 2019 [35] LR / / 14

/ Li, 2019 [35] AdaBoost / / 14

/ Li, 2019 [35] MLP / / 14

M17 Zhang, 2019 [15] RF / Importance rank 25

M18 Zhang, 2019 [15] LightGBM / Importance rank 25

M19 Tomasev, 2019 [11] RNN / ∆Accuracyb 7

M20 Hsu, 2020 [30] XGBoost The top 10 important features Importance rank 10

M21 Hsu, 2020 [30] LASSO regression The top 10 important features Importance rank 10

M22 Kate, 2020 [12] Continual prediction model / Information gain 66

M23 Safadi, 2020 [21] LR Backward OR 8

M24 Su, 2021 [22] LR Backward OR 4

M25 Carpio, 2021 [25] LR Stepwise β 19

M26 Chen, 2021 [26] LR Stepwise β 12

M27 Chen, 2021 [26] LR Stepwise β 10

M28 Elrewihby, 2021 [27] LR The top 10 variables with the highest unstandard-
ized coefficients

β 10

/ Kim, 2021 [36] RNN / / 107

M29 Martin-Cleary, 2021 [28] LR Backward (using AIC) and Bayesian model averag-
ing

β 23

M30 Segarra, 2021 [29] LR Forward β 22

/ Xu, 2021 [37] RNN The top 50 lab investigation variables 
with the highest detection frequencies

/ 50
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found that ranking or normalizing the importance values 
had little impact on the results, while imputation had a 
greater impact due to the incorporation of variable fre-
quency. Moreover, the results of means and weighted 
means were similar. In consideration of the importance 
assessment accuracy and the interpretability, synthesis 
of the normalized importance ranks by weighted mean 
was recommended. The synthesis method was further 
used in the SR of prediction models for AKI in general 
hospital populations, which provided essential clues for 
future research of variables that had been rarely recog-
nized but might have significant impacts on the outcome. 
For example, cardiovascular surgery is the second most 
common cause of AKI in the intensive care setting [42], 
but its importance was far understated if only in terms of 
the frequency. Aminoglycosides are common drugs with 
renal toxicity and associated with the adverse renal prog-
nosis [43, 44], especially AKI [45]. The importance rank 
could represent the predictive value of aminoglycosides 
better than the frequency.

To our knowledge, this is the first study to explore how 
to assess the importance of predictors in SR of predic-
tion models. Unlike previous SR which only used the 
frequency of predictors to represent importance, we 
considered more substantive measures and provided 
a convincing synthesis method for importance assess-
ment. The rationality of the synthesis method was fully 
explained by both simulation and case analysis. In addi-
tion, the synthesized importance ranks of predictors 
of AKI were recognized by experienced nephrologists, 

which further manifested the reliability of the synthesis 
method.

There are some limitations of our study. First, in the 
simulation section, we assumed that the sample size of 
each model was proportional to the number of predic-
tors. This is an unrealistic assumption, although there 
may be a high correlation between the number of predic-
tors and the sample size in real situations. According to 
our simulation results, whether weighting by sample size 
has little influence on the synthesis results. Therefore, 
even if the assumption is relatively strong, it would not 
substantially affect our simulation findings. On the other 
hand, a larger sample size generally indicates more reli-
able research findings, and thus weighting by sample size 
has its theoretical rationality. Based on the above rea-
sons, it is still recommended to calculate the weighted 
mean when synthesizing the importance of predic-
tors. Second, in the case study section, considering that 
there were no unified diagnostic criteria for AKI before 
2010, we restricted our search period from 2010 to 2022. 
Meanwhile, the multi-database search strategy was lim-
ited to titles, keywords, and abstracts, which may lead 
to missing detection. Nevertheless, the empirical SR was 
intended to illustrate the methods presented in the simu-
lation study, so possible problems in the search process 
would not affect the research conclusions. Last but not 
least, the synthesis method proposed by our study was 
unable to evaluate and treat inter-study heterogeneity 
like meta-analysis. Hence, it is suggested to evaluate the 
quality of studies by the Prediction model Risk Of Bias 

Fig. 3  Importance heat map of the top 24 predictors for AKI in general hospital populations

Abbreviation: K, serum potassium; P, serum phosphate; Combination drugs 2, used of nonsteroidal anti-inflammatory drugs (NSAIDs), 
angiotensin-converting enzyme inhibitors (ACEI) and diuretics; Combination drugs 1, Use of NSAIDs, ACEI, angiotensin receptor blockers (ARB), 
or diuretics; SCr, serum creatinine; HF, heart failure; Mg, serum magnesium; RF, respiratory failure; CKD, chronic kidney disease; UA, uric acid; HR, 
heart rate; CUD, chronic urologic disease; BUN, blood urea nitrogen; HTN, hypertension; GFR, glomerular filtration rate; RR, respiratory rate; AKI, acute 
kidney injury
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ASsessment Tool (PROBAST) [6] or the TRIPOD state-
ment [7] and select those with high quality for synthesis.

Despite the above limitations, our study provided a 
noteworthy methodology for importance assessment, 
and for the first time demonstrated that importance 
assessment could not be equated with frequency assess-
ment. We strongly recommend to include an importance 
assessment of predictors in future SR of prediction mod-
els, so as to draw higher-quality evidence.

Conclusions
In conclusion, to assess the importance of predictors 
in SR of prediction models, we recommend the follow-
ing steps. First, after extracting the importance values 
of predictors from different models, a variable pool that 
contained all predictors should be generated. Then, the 
importance values of predictors should be ranked in 
each model and normalized to a range from 1 to the total 
number of the variable pool to ensure dimensional com-
parability. Finally, the synthesized rank should be calcu-
lated according to the mean of normalized importance 
ranks weighted by the sample size of the model. Such a 
method is highly interpretable on the premise of accu-
racy, and can provide information on the importance of 
predictors for a certain outcome of concern.
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