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Abstract 
Introduction: The aim of this study was to develop and validate a clinical prediction model for Clostridioides difficile associated diarrhea 
(CDAD) based on routine laboratory tests.  
Methodology: Data from 121 CDAD patients and 123 patients with non-CDAD who presented at the First Affiliated Hospital of Nanjing 
Medical University between May 2017 and January 2022 were used to create a nomogram based on logistic regression. In addition, 109 stool 
samples from diarrhea patients in Jurong People's Hospital were collected to detect Clostridioides difficile toxin genes. The performance of the 
prediction model was assessed by the area under the curve (AUC), Hosmer-Lemeshow goodness of fit, and decision curve analysis (DCA). 
Results: The following variables were included in the new multivariate regression model: white blood cell (WBC), lymphocyte (LY), 
hemoglobin (HGB), mean corpuscular volume (MCV), activated partial thromboplastin time (APTT), D-dimer, urea, creatinine (Cr), and uric 
acid (UA). The AUC of the prediction model was 0.793 (95% CI = 0.737–0.849) for the derivation sets and 0.708 (95% CI = 0.506–0.910) for 
the validation set. The calibrated values were 0.874 and 0.543, respectively. The nomogram showed better net benefit when prediction 
probability values were above 0.1 in the DCA curve. 
Conclusions: A new diagnostic prediction model for CDAD was established. Clinicians can use the nomogram to initially assess the likelihood 
of CDAD when the patient suffers diarrhea, to ensure timely specific laboratory tests, and appropriate diagnostic and treatment measures. 
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Introduction 

Clostridioides difficile (C. difficile) is an anaerobic 
Gram-positive bacterium [1,2]. There is a potential for 
fatal consequences when C. difficile infection (CDI) 
causes nosocomial diarrhea and pseudomembranous 
colitis [2,3]. Over the past years, an increasing trend in 
morbidity and mortality caused by CDI has been 
observed globally [4,5]. The French healthcare-
associated infection (HAI) early warning response 
system (HAI-EWRS, 2012–17) and the National 
Reference Laboratory Data (2012–17), which track 
statistics on the incidence of severe or fulminant CDI 
showed that in 2016, the incidence of CDI in the 
emergency department was 3.6 cases per 10,000 patient 
days (PD), and in 2010–2016, the incidence of CDI 
increased yearly at a rate of approximately 14% per year 
[6]. A study reported from Hong Kong in 2019 show 

that the 30-day mortality rate was up to 16.8%, and the 
60-day recurrence rate remained at 11% [7]. 
Furthermore, nearly 500,000 cases of CDI occur in the 
United States each year, causing 30,000 deaths and over 
$5 billion in damages [8]. Some patients with other 
diseases are more likely to get CDI, and this adds a 
serious burden to the cost of treatment [9–12]. Hence, it 
is crucial to determine if a patient with diarrhea has C. 
difficile associated diarrhea (CDAD) and needs timely 
treatment.  

Most CDAD patients who suffer from toxigenic C. 
difficile get diarrhea [2]. The nucleic acid amplification 
test (NAAT) for the toxin gene can be conducted 
directly from stool samples and is used for testing for 
C. difficile. Studies have shown that the NAAT has high 
specificity and sensitivity compared to toxigenic C. 
difficile culture [13] and is used as the predominant 
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laboratory diagnostic tool [2]. Although the NAAT 
method is relatively quick, it is expensive [13]. In 
China, nearly 14% of patients with diarrhea are infected 
with toxigenic C. difficile. Many hospitals in China lack 
the necessary diagnostic capabilities, including 
microbiology, immunology and molecular 
technologies, to identify the presence of CDAD [14]. 
Similar situation also exists in many developing 
countries [15], which could lead to a missed or incorrect 
diagnosis, and even serious or fatal consequences. 
Therefore, it is necessary to establish a prediction 
model to recognize CDAD in primary hospitals when 
specific CDI tests are not available.  

The purpose of this study was to develop a 
nomogram of the incidence of CDAD based on routine 
laboratory test indicators which can assist in the early 
identification of CDAD in patients with diarrhea when 
specific CDI tests are not available.  

 
Methodology 
Design and setting 

A retrospective case-control study was performed at 
the First Affiliated Hospital of Nanjing Medical 
University to develop a CDAD clinical diagnosis 
prediction model. This study included inpatients who 
were admitted between May 2017 and January 2022. 
The study population met the diagnostic criteria based 
on the guidelines of the American Thoracic 
Society/Infectious Diseases Society of America 
(ATS/IDSA). The inpatients who developed symptoms 
with suspicion of infectious diarrhea, hospitalization for 
at least 48 hours, and positive results by the GeneXpert 
C. difficile polymerase chain reaction (PCR) test were 
selected for the case group [2]. The control group 
population included those who showed clinical signs of 
diarrhea with a negative result by the GeneXpert C. 
difficile PCR test. We aimed for a case-control ratio of 
1:1, and the controls were randomly selected according 
to age, gender, and department.  

 
Data collection 

Clinical data were extracted from the electronic 
patient record system, and demographic characteristics 
such as age, gender, and inpatient department were 
collected. Clinical laboratory results were recorded in a 
laboratory information system, and included routine 
blood parameters, biochemical analyses, and 
coagulation tests. The entirety of the laboratory data 
was derived from the patients’ initial test results at the 
onset of the diarrhea. 

The variables had missing data in < 5% of patients, 
except for fibrinogen (FIB) and D-dimer, which were 

incomplete in > 6% (Supplementary Figure 1). The 
values were entered using multiple imputations to 
account for missing data in multivariable analysis. This 
method is appropriate when values are missing at 
random (MAR), which seemed reasonable to apply in 
this study (Supplementary Figure 1). All potential 
predictors and the outcome variables were included in 
the imputation procedure. 

 
Statistical analysis 

All laboratory results for the derivation samples 
were classified into two groups. The best cut-off value 
for each variable was based on the receiver operating 
characteristic (ROC) curve. Multiple logistic regression 
was performed, starting with all potential predictors. 
Univariate analysis was used to select variables to 
determine the best prediction model. The occurrence of 
C. difficile infection probabilities was estimated using 
the nomogram. The discrimination capacity of the 
model in the derivation sample was assessed using the 
area under the curve (AUC), which plotted the 
sensitivity against the 1-specificity for all possible cut-
off values to predict two endings AUC values range 
from no discrimination (0.5) to perfect discrimination 
(1.0), and AUC values greater than 0.70 suggested a 
reasonable estimation [16]. The calibration of the model 
was assessed by Hosmer-Lemeshow goodness of fit and 
visualized by a calibration curve. Internal validation of 
the model was performed using bootstrapping 

Figure 1. Clostridioides difficile associated diarrhea (CDAD) 
prediction model building flow chart. 

CDI: Clostridioides difficile infection. 
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techniques (n = 500), and bias-corrected estimates of 
the calibration curve.  

A total of 109 stool samples were collected from 
diarrhea patients in Jurong People's Hospital affiliated 
to Jiangsu University, and the clinical information and 
laboratory results of these patients were recorded.  

CDI results of the case and control groups were 
defined in the same way as the derivation set. This 
dataset was used as a validation set for external 
validation of the model. The decision curve analyses 
(DCA) were used to assess the usefulness and clinical 
application of the model. 

The occurrence of C. difficile infection was the 
endpoint of interest in the present study. The variance 
inflation factor (VIF) > 4.0 in the nomogram was 
interpreted as indicating multicollinearity, and the use 
of those variables was avoided in the final model 
analysis. Influential cases ＞ 0.1 were defined as strong 
influential cases, which were the parameters affecting 
the model scale imbalance and the finial prediction 
model avoided use these parameters. 

All statistical analyses were performed using the R 
programming language and environment 
(http://www.r-project.org/) and IBM SPSS 26 (IBM 
Corp, Armonk, NY, USA). Moreover, the R code used 
in this research is available in GitHub 
(https://github.com/Wingerlin/R). 

 

Results 
Data distribution 

A total of 121 CDAD inpatients and 123 controls 
were included in the derivation study. The exclusion 
criteria are summarized in Figure 1. The demographic 
and variable distribution characteristics after 
imputation are summarized in Table 1. The majority of 
the patients included in the study was ≤ 50 years of age 
(42.98%, n = 121), and the main department of 
distribution was gastroenterology (66.12%, n = 121).  

The stool samples collected from Jurong People’s 
Hospital were tested for the toxin gene, along with 
routine tests (Table 1). Based on the results of the toxin 
gene tests, there were 9 cases in the case group and 100 
cases in the control group. All the patients of the case 
group were > 50 years old; and the majority of the 
patients’ diagnoses was complicated with presence of 
cardiovascular, liver and kidney, and respiratory 
diseases (88.90%, n = 9). 

 
Variables screening and nomogram construction 

Based on the results of the univariate analysis and 
after avoiding missing important variables, we finally 
adopted p < 0.1 as the significance level for the 
multivariate logistic regression analysis. Basophil 
(BA), hematocrit (HCT), platelet count (PLT) and 
calcium (Ca) were the criteria used for inclusion of the 
patients in the CDAD group, but not in the control 
group.   

Table 1. Characteristics of patients with Clostridioides difficile infection (CDI) diarrhea and the control group. 
Variable Derivation Validation 

Control (n = 123) Case (n = 121) Control (n = 100) Case (n = 9) 
Age, n (%) years     

≤ 50 57 (46.34) 52 (42.98) 15 (15.00) 0 (0.00) 
50–59 23 (18.70) 23 (19.01) 26 (26.00) 1 (11.11) 
60–69 20 (16.26) 18 (14.88) 17 (17.00) 5 (55.56) 
70–79 15 (12.20) 14 (11.57) 29 (29.00) 2 (22.22) 
≥ 80 8 (6.50) 14 (11.57) 13 (13.00) 1 (11.11) 

Gender, n (%)     
Male 78 (63.41) 74 (61.16) 54 (54.00) 6 (66.67) 
Female 45 (36.59) 47 (38.84) 46 (46.00) 3 (33.33) 
Department, n (%)     
Gastroenterology 82 (66.67) 80 (66.12) 15 (15.00) 1 (11.11) 
Other 41 (33.33) 41 (33.88) 85 (85.00) 8 (88.89) 
Diagnosis, n (%)     
Inflammatory bowel disease 56 (45.53) 59 (48.76) 15 (15.00) 1 (11.11) 
Cardiovascular disease 14 (11.38) 11 (9.09) 9 (9.00) 2 (22.22) 
Liver and Kidney Diseases 6 (4.88) 9 (7.44) 15 (15.00) 3 (33.33) 
Respiratory diseases 10 (8.13) 9 (7.44) 20 (20.00) 3 (33.33) 
Leukemia or malignancy 11 (8.94) 10 (8.26) 6 (6.00) 0 (0.00) 
No or other diseases 26 (21.14) 23 (19.01) 35 (35.00) 0 (0.00) 
WBC, n (%)     
≤ 8.740 101 (82.11) 79 (65.29) 78 (78.00) 7 (77.78) 
> 8.740 22 (17.89) 42 (34.71) 22 (22.00) 2 (22.22) 
LY, n (%)     
≤ 1.045 45 (36.59) 29 (23.97) 42 (42.00) 6 (66.67) 
> 1.045 78 (63.41) 92 (76.03) 58 (58.00) 3 (33.33) 
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  Table 1 (continued). Characteristics of patients with Clostridioides difficile infection (CDI) diarrhea and the control group. 
Variable Derivation Validation 

Control (n = 123) Case (n = 121) Control (n = 100) Case (n = 9) 
MO, n (%)     
≤ 0.435 74 (60.16) 84 (69.42) 47 (47.00) 3 (33.33) 
> 0.435 49 (39.84) 37 (30.58) 53 (53.00) 6 (66.67) 
EO, n (%)     
≤ 0.095 65 (52.85) 58 (47.93) 57 (57.00) 6 (66.67) 
> 0.095 58 (47.15) 63 (52.07) 43 (43.00) 3 (33.33) 
BA, n (%)     
≤ 0.025 64 (52.03) 45 (37.19) 71 (71.00) 8 (88.89) 
> 0.025 59 (47.97) 76 (62.81) 29 (29.00) 1 (11.11) 
HGB, n (%)     
≤ 104.500 60 (48.78) 33 (27.27) 23 (23.00) 4 (44.44) 
> 104.500 63 (51.22) 88 (72.73) 77 (77.00) 5 (55.56) 
HCT, n (%)     
≤ 35.550 80 (65.04) 55 (45.45) 39 (39.00) 6 (66.67) 
> 35.550 43 (34.96) 66 (54.55) 61 (61.00) 3 (33.33) 
MCV, n (%)     
≤ 85.050 43 (34.96) 18 (14.88) 48 (48.00) 1 (11.11) 
> 85.050 80 (65.04) 103 (85.12) 52 (52.00) 8 (88.89) 
PLT, n (%)     
≤ 349.500 100 (81.30) 109 (90.08) 97 (97.00) 8 (88.89) 
> 349.500 23 (18.70) 12 (9.92) 3 (3.00) 1 (11.11) 
MPV, n (%)     
≤ 9.130 33 (26.83) 24 (19.83) 5 (5.00) 0 (0.00) 
> 9.130 90 (73.17) 97 (80.17) 95 (95.00) 9 (100.00) 
PDW, n (%)     
≤ 11.650 50 (40.65) 37 (30.58) 25 (25.00) 3 (33.33) 
> 11.650 73 (59.35) 84 (69.42) 75 (75.00) 6 (66.67) 
PT, n (%)     
≤ 13.050 81 (65.85) 92 (76.03) 83 (83.00) 6 (66.67) 
> 13.050 42 (34.15) 29 (23.97) 17 (17.00) 3 (33.33) 
APTT, n (%)     
≤ 28.650 65 (52.85) 41 (33.88) 94 (94.00) 1 (11.11) 
> 28.650 58 (47.15) 80 (66.12) 6 (6.00) 8 (88.89) 
FIB, n (%)     
≤ 2.180 19 (15.45) 29 (23.97) 30 (30.00) 2 (22.22) 
> 2.180 104 (84.55) 92 (76.03) 70 (70.00) 7 (77.78) 
D-dimer, n (%)     
≤ 2.160 93 (75.61) 104 (85.95) 83 (83.00) 7 (77.78) 
> 2.160 30 (24.39) 17 (14.05) 17 (17.00) 2 (22.22) 
ALT, n (%)     
≤ 17.650 83 (67.48) 70 (57.85) 51 (51.00) 5 (55.56) 
> 17.650 40 (32.52) 51 (42.15) 49 (49.00) 4 (44.44) 
AST, n (%)     
≤ 20.150 73 (59.35) 58 (47.93) 55 (55.00) 4 (44.44) 
> 20.150 50 (40.65) 63 (52.07) 45 (45.00) 5 (55.56) 
LDH, n (%)     
≤ 161.500 34 (27.64) 23 (19.01) 14 (14.00) 3 (33.33) 
> 161.500 89 (72.36) 98 (80.99) 86 (86.00) 6 (66.67) 
ALB, n (%)     
≤ 35.450 70 (56.91) 55 (45.45) 30 (30.00) 6 (66.67) 
> 35.450 53 (43.09) 66 (54.55) 70 (70.00) 3 (33.33) 
Urea, n (%)     
≤ 6.450 93 (75.61) 78 (64.46) 83 (83.00) 5 (55.56) 
> 6.450 30 (24.39) 43 (35.54) 17 (17.00) 4 (44.44) 
Cr, n (%)     
≤ 40.050 11 (8.94) 2 (1.65) 44 (44.00) 3 (33.33) 
> 40.050 112 (91.06) 119 (98.35) 56 (56.00) 6 (66.67) 
UA, n (%)     
≤ 393.500 88 (71.54) 99 (81.82) 89 (89.00) 7 (77.78) 
> 393.500 35 (28.46) 22 (18.18) 11 (11.00) 2 (22.22) 
Ca, n (%)     
≤ 2.205 83 (67.48) 64 (52.89) 44 (44.00) 5 (55.56) 
> 2.205 40 (32.52) 57 (47.11) 56 (56.00) 4 (44.44) 
WBC: white blood cell count; LY: lymphocyte; MO: monocyte; EO: eosinophil; BA: basophil; HGB: hemoglobin; HCT: hematocrit; MCV: mean corpuscular 
volume; PLT: platelet count; MPV: mean platelet volume; PDW: platelet volume distribution width; PT: prothrombin time; APTT: activated partial 
thromboplastin time; FIB: fibrinogen; ALT: alanine aminotransferase; AST: aspartate aminotransferase; LDH: lactate dehydrogenase; ALB: albumin; Cr: 
creatinine; UA: uric acid; Ca: calcium. 
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However, the predictive performance of the final 
clinical prediction model was not improved by adding 
these metrics; so, a more concise prediction model was 
chosen. The univariate analysis results are shown in 
Table 2. The other indicators were not significantly 
correlated with the occurrence of CDAD. We generated 
a predicted model for CDI according to the variables 
screened, as shown in multivariate analysis (Table 2); 
and the nomogram (Figure 2) was generated with the 
final inclusion of 9 predictors, including white blood 
cell (WBC), lymphocyte (LY), hemoglobin (HGB), 
mean corpuscular volume (MCV), activated partial 
thromboplastin time (APTT), D-dimer, urea, creatinine 
(Cr), and uric acid (UA).  
  

Table 2. Results of univariate and multivariate analyses. 
Variables Univariate analysis Multivariate analysis 

β coefficient OR 95% CI p value β coefficient OR 95% CI p value 
WBC         
≤ 8.740 refer 
> 8.740 0.303 2.441 (1.348–4.420) 0.003 1.132 3.101 （1.528–6.294） 0.002 
LY         
≤ 1.045 refer 
> 1.045 0.604 1.83 (1.050–3.190) 0.033 0.912 2.488 （1.229–5.036） 0.011 
BA         
≤ 0.025 refer 
> 0.025 0.605 1.832 (1.099–3.054) 0.020 0.294 1.342 (0.697–2.585) 0.379 
HGB         
≤ 104.500 refer 
> 104.500 0.932 2.54 (1.489– 4.332) 0.001 0.828 2.289 （1.161–4.512） 0.017 
HCT         
≤ 35.550 refer 
> 35.550 -0.803 0.448 (0.268–0.750) 0.002 0.285 1.33 (0.568–3.114) 0.512 
MCV         
≤ 85.050 refer 
> 85.050 -1.124 0.325 (0.174–0.606) 0.000 1.12 3.064 （1.471–6.380） 0.003 
PLT         
≤ 349.500 refer 
> 349.500 0.737 2.089 (0.988–4.418) 0.054 -0.562 0.57 (0.206–1.574) 0.278 
APTT         
≤ 28.650 refer 
> 28.650 0.782 2.187 (1.304–3.666) 0.003 0.822 2.275 （1.240–4.173） 0.008 
D-dimer         
≤ 2.160 refer 
> 2.160 -0.68 0.507 (0.263–0.978) 0.043 -1.109 0.330 （0.139–0.782） 0.012 
Urea         
≤ 6.450 refer 
> 6.450 0.536 1.709 (0.981–2.977) 0.058 1.054 2.869 （1.310–6.282） 0.008 
Cr         
≤ 40.050 refer 
> 40.050 -1.765 0.171 (0.037–0.789) 0.024 1.988 7.299 （1.198–44.490） 0.031 
UA         
≤ 393.500 refer 
> 393.500 0.582 1.79 (0.977–3.280) 0.060 -0.96 0.383 （0.190–0.772） 0.007 
Ca         
≤ 2.205 refer 
> 2.205 0.614 1.848 (1.099–3.106) 0.020 0.758 2.135 (0.937–4.864) 0.071 
WBC: white blood cell count; LY: lymphocyte; BA: basophil; HGB: hemoglobin; HCT: hematocrit; MCV: mean corpuscular volume; PLT: platelet count; 
APTT: activated partial thromboplastin time; Cr: creatinine; UA: uric acid; Ca: calcium; refer: reference; OR: odds ratio; CI: confidence interval.  
p values that were < 0.1 in univariate analysis: and < 0.05 in multivariate analysis are in bold. 

Figure 2. Nomogram to predict the incidence of Clostridioides 
difficile associated diarrhea (CDAD). 
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The corresponding scores for the above factors were 
summed to a total score corresponding to the predicted 
value at the bottom. The variance inflation factor (VIF) 
values were all < 4 (Supplementary Table 1), which 
meant no collinearity existed between screened 
variables. Influential cases of the model are shown 
Supplementary Figure 2 and Cook's distance was less 
than 1 for all variables. 

 

Nomogram internal validation 
After plotting the ROC for the nomogram, the AUC 

value was 0.793 (95% confidence interval (CI) = 0.737–
0.849), and after internal validation by bootstrapping 
techniques, AUC was 0.761 (95% CI = 0.702–0.821), 
which showed good discrimination. The AUC > 0.70 
for prediction in both training and validation data 
(Figure 3A), indicated favorable discrimination by the 
nomogram. The nomogram calibration curves showed 
good agreement of probabilities between predicted and 
observed values, and after Hosmer-Lemeshow 
goodness of fit analysis, the p value was 0.874 (Figure 
3B). Thus, the nomogram had high confidence in 
discrimination and calibration. 

 
Nomogram external validation 

The performance of the model was evaluated using 
the validation set again, and the ROC curve was plotted 
as shown with the red curve in Figure 3A. The AUC 
was 0.708 (95% CI = 0.506–0.910), and the prediction 
model had a modest performance among the external 
validation set. The calibration curves were plotted as 
shown with the red curve in Figure 3B and the p value 
was 0.543 after Hosmer-Lemeshow goodness of fit 
analysis. It was observed that the prediction model 
underestimated the occurrence of the events when the 
predicted probability was less than 0.5, and 
overestimated the occurrence of events when the 
predicted probability was greater than 0.5. 

 
Clinical effectiveness of the nomogram 

The DCA demonstrated the clinical utility of the 
nomogram (Figure 4). The grey curve (all variables) in 
Figure 4 represents the clinical benefits associated with 
changes in thresholds after all indicators were included 

Figure 3. Receiver operating characteristic (ROC) curves and 
calibration curves of nomogram. 

A. The area under the subject operating characteristic curve (AUC) of the 
prediction model. The blue line represents the receiver operating 
characteristic (ROC) curve of the derivation and the AUC is 0.793 [95% CI 
(0.737–0.849)]; The red line is the ROC curve after external validation, and 
the AUC of the internal validation data is 0.708 [95% CI (0.506–0.910)]. 
B. Calibration of the nomogram to predict the outcome of diarrhea in an 
inpatient in the training set and validation set. The blue line represents the 
calibration of the derivation sets, the red line is the performance of the 
validation set. 

Figure 4. Decision curve analysis of nomogram. 

The y-axis represents the net benefit, the x-axis represents the risk threshold 
of infection in diarrhea. 
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in the multivariable logistic regression, and the black 
curve (no variables) represents the clinical benefits 
resulting from the exclusion of any indicator. This was 
able to better predict the disease occurrence, as it 
showed better net benefit when the threshold 
probability was > 0.1, and this could alert clinicians to 
the possibility of CDAD in patients with diarrhea to 
avoid missing diagnosis. 

 
Discussion 

CDAD is an important clinical condition worldwide 
[17]. Its clinical manifestations include severe or 
bloody diarrhea, pseudomembranous enterocolitis, and 
toxic megacolon; which are often life-threatening and 
fatal [18]. Colonization with toxigenic C. difficile 
significantly increases the risk of clinical infection, and 
it is important to develop infection prevention strategies 
[19]. However, in many primary care settings, specific 
C. difficile tests are not available. It is important to 
develop a useful prediction model to identify CDAD to 
reduce missed or incorrect CDAD diagnoses, especially 
in China and other developing counties [14,15]. 

Previously developed clinical prediction rules were 
most concerned with the possible consequences of CDI 
or recurrent CDI [15,20]. Tilton et al. developed a 
prediction model for the risk of nosocomial C. difficile 
infection in patients receiving systemic antibiotic 
therapy, which included 200 subjects (100 cases and 
100 controls); and the ultimately identified meaningful 
predictors were patients receiving systemic antibiotics, 
age > 70 years, recently admitted (within the last 90 
days), and an AUC value was 0.7 [21]. Cobo et al. 
reported a recurrence risk model for C. difficile 
infection and completed external validation in 183 
patients with an AUC of 0.72 [22].  

So far, no clinical rules have been developed to 
address the possibility of CDI in patients with diarrhea. 
To our knowledge, the present study is the first 
diagnosis prediction model for CDAD. This study 
successfully developed a nomogram to transform 
complex regression equations into a simple and visual 
graph, which has the potential to be a wieldy CDAD 
decision-making method. The study further evaluated 
the discrimination and calibration of the nomogram. 
The AUC was 0.793 in derivation and 0.761 after 
bootstrap resampling technique (n = 500); and the p 
value was 0.874 after Hosmer-Leneshow goodness-of-
fit test. The AUC of the model was 0.708 and p = 0.543 
after Hosmer-Leneshow goodness-of-fit. The 
prediction model showed good performance in the 
derivation set, internal validation, and external 
validation to identify CDI; which will hopefully 

provide a new diagnostic pathway for healthcare 
facilities that are not yet able to perform specific 
diagnosis of CDAD. 

The performance of the model with the external 
validation data was slightly lower compared to the 
training set. This was due to the fact that the distribution 
of clinical characteristics was different between the 
derivation set and the validation set. 

The CDI severity was defined using serum WBC 
counts and Cr levels by the Infection Diseases Society 
of America (IDSA)/Society for Healthcare 
Epidemiology of America (SHEA) criteria [2]. One of 
the pathogenic mechanisms of C. difficile is the 
induction of intestinal inflammation through the release 
of toxins A and toxin B [23], with glycosylate host Rho 
and Rac GTPases, leading to disruption of the actin 
cytoskeleton and loss of epithelial barrier integrity, with 
subsequent apoptosis and tissue damage leading to 
inflammation [24,25]. Moreover, Pope et al. found that 
C. difficile toxin B can activate group 3 innate 
lymphocytes [26]. In the present study, the odds ratio 
(OR) of WBC and LY were 3.101 and 2.488 
respectively; thus, acting as an important indicator of 
inflammation or infection, exhibiting similar behavior 
in the model. 

Choi et al. demonstrated that low hemoglobin levels 
were significantly more specific in the recurrent CDI 
group compared to the control group [27]. Lee et al. 
also found that anemia was associated with poor 
outcomes during community onset of CDI [28]. CDI 
often occurs in patients with underlying diseases, such 
as inflammatory bowel disease [29,30], liver cirrhosis 
[31], malignancies [32], and hematologic disorders [9]. 
These diseases are often accompanied by hemorrhagic 
anemia, abnormal hematopoiesis, or lack of 
hematopoietic material. Moreover, some patients with 
severe CDI may also present with blood in the stool [2]. 
In the present study, the OR of HGB was 2.289, which 
was inconsistent with the findings of the previous study. 
This could be due to several reasons. First, patients with 
mild or common CDI were less likely to have bloody 
stools; Second, without a combination of other bleeding 
causes, the amount of bleeding caused by CDI was 
limited. In addition, we also found that OR of MCV was 
3.064; and there were few existing literatures on MCV 
and CDI. However, we concluded that the bone marrow 
of CDAD was normal for hematopoiesis and that the 
hematopoietic material was sufficient, and could cause 
microcytic anemia. 

Aronsson et al. measured antithrombin III, protein 
C, and free protein S; and found that CDI may lead to 
loss of coagulation inhibitors, causing a risk of 
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thromboembolic complication [33]. Our findings were 
inconsistent with this previous study. Considering the 
normal reference range (< 0.55mg/L) for laboratory 
testing of D-dimers, we inferred that it may have been 
caused by unreasonable statistical grouping. 
Interestingly, however, we found that the OR of APTT 
was 2.275, which suggested a statistical correlation 
between prolonged APTT and CDI. Previously, Alba 
Isasi et al. reported that venous sinus thrombosis could 
form secondary to disseminated intravascular 
coagulation after CDI [34], and the elevated fibrin 
degradation products (FDP) may have been a cause of 
the prolonged APTT. In addition, the lack of production 
of endogenous coagulation factors in disease states 
could have been another important reason for prolonged 
APTT. 

Crivaro et al. showed that levels of urea, Cr, and 
WBC were positively correlated when CDAD was 
diagnosed [35]. Nomura et al. found that blood urea was 
significantly higher in the thoroughbred racehorse 
CDAD group than in the control group [36]. In this 
study, the OR of urea was 2.869, which suggested that 
elevated blood urea was associated with CDI. 
Moreover, we also found the OR of Cr was 7.299, 
Previously, the IDSA/SHEA criteria defined the CDI 
severity using serum WBC counts and Cr levels (≥ 
1.5mg/dL). Some patients with severe CDI had renal 
failure, which was closely related to elevated urea and 
Cr. 

There were few reports about the relationship 
between UA and CDI. In this study, low UA levels were 
associated with higher incidence of CDI (OR = 0.383). 
We concluded that this could have been due to the 
following reasons. These patients were mostly 
associated with underlying diseases or long-term 
antibiotic use resulting in intestinal dysfunction and 
malnutrition. In addition, some patients with renal 
tubular acidosis caused by renal failure may have had 
low UA. 

Despite the model being a promising CDAD 
predictive tool in patients with diarrhea, there were 
several limitations in this study. The difference of 
distribution characteristics between the derivation set 
and the validation set, and the small volume of data in 
the validation set, may have influenced our results. It is 
therefore necessary to extend the generalizability of the 
model to multi-regional and multi-center data in order 
to validate it. 

 
Conclusions 

This study established a prediction model for 
CDAD through routine laboratory tests. Clinicians 

should consider the possibility of CDAD when patients 
develop diarrhea, and they can use the nomogram to 
make a primary assessment of the probability of CDAD 
in patients to prescribe specific diagnostic tests and 
corresponding treatment measures in a timely manner. 
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Annex – Supplementary Items 
 
Supplementary Table 1. Multicollinearity test of included 
variables. 
Variables Multicollinearity 
WBC 1.105375 
LY 1.173308 
HGB 1.233631 
MCV 1.138659 
APTT 1.068625 
D-dimer 1.339326 
Urea 1.461708 
Cr 1.038089 
UA 1.076766 
WBC: white blood cell count; LY: lymphocyte; HGB: hemoglobin; MCV: 
mean corpuscular volume; APTT: activated partial thromboplastin time; Cr: 
creatinine; UA: uric acid. 
  

Supplementary Figure 1. Missing data of all candidate variables. 

MO: monocyte; BA: basophil; HCT: hematocrit; PLT: platelet count; 
PDW: platelet volume distribution width; APTT: activated partial 
thromboplastin time; AST: aspartate aminotransferase; LP(a): 
lipoprotein(a); UA: uric acid. 
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 Supplementary Figure 2. Influential case of nomogram. 

WBC: white blood cell count; LY: lymphocyte; HGB: hemoglobin; MCV: mean corpuscular volume; APTT: activated partial thromboplastin time; Cr: 
creatinine; UA: uric acid. 
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