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Abstract
Background: Tuberculosis (TB) has become one of the main causes of deaths worldwide. Because of
certain conditions prevent the early TB diagnosis and treatment to some extent. This study aimed to
develop a tuberculosis (TB) infection risk model and validate the ability of nomogram to predict risk for
TB infection in a Chinese population.

Methods: A prediction model based on the training dataset of 272 patients was established. Minimum
absolute shrinkage and selection operator regression model were adopted to optimize the feature
selection of the TB infection risk model. Using multivariate logistic regression analysis, a predictive model
combining the features selected in the minimum absolute shrinkage and the selected operator regression
model was constructed. The ability of this predictive model to discriminate and calibrate TB infection risk
and its utility in clinical settings were assessed via concordance index (C-index), calibration plot, area
under time-dependent receiver operating characteristic curve (AUC), and decision curve analysis (DCA).
The clinical practicality of nomogram was evaluated via net reclassi�cation index (NRI) and integrated
discrimination improvement (IDI). Bootstrapping validation allowed internal validation.

Results: According to this predictive nomogram, the main predictors of TB infection risk were gender, age,
smoking history, fever, hemoptysis, fatigue, emaciation, CD8, CD4/CD8, ESR, CRP, and abnormal liver
function. The model exhibited superior risk calibration and discrimination with a C-index of 0.737 (95% CI:
0.685–0.789). The internal validation reached a C-index value of 0.688. The predictive model was able to
produce an AUC of 0.729 (95% CI: 0.677–0.781). Analysis of the decision curve revealed the TB infection
probability nomogram manifested its clinical usefulness on the condition that intervention was decided
at the TB probability threshold of 13%. Moreover, results demonstrated that nomogram could be utilized
as an effective prognostic tool according to NRI and IDI.

Conclusion: The new TB probability nomogram for predicting TB infection risk developed herein that
combines various factors, such gender, age, smoking history, fever, hemoptysis, fatigue, emaciation, CD8,
CD4/CD8, ESR, CRP, and abnormal liver function is convenient and useful in predicting individual TB risks
among patients.

Background
Tuberculosis (TB), which is caused by a single pathogenic bacterium, is one of the main causes of deaths
worldwide. Almost a fourth of the world population is infected with Mycobacterium tuberculosis (MTB)
[1]. According to the World Health Organization (WHO), the number of new TB cases worldwide in 2018
was estimated to be about 10 million. In recent years, the incidence and mortality of TB in China have
gradually decreased, but its prevalence rate remains second only to India; the number of TB cases in
China accounts for 9% of the total globally [2]. Undoubtedly, TB is an urgent public health concern. Some
of the traditional methods for detecting MTB are etiological diagnosis, such as acid-fast staining smear
and culture of MTB. However, these methods require high-quality clinical specimens. Moreover, they have
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a low detection rate, poor sensitivity, and time consuming; furthermore, their use may result in
misdiagnosis or delayed diagnosis [3, 4]. These disadvantages prevent the early TB diagnosis and
treatment to some extent. Molecular biology examination has recently an important supplement to
traditional diagnostic methods. Molecular methods are rapid, accurate, e�cient, and have a high �ux.
These methods represent a new avenue for TB diagnosis, treatment, and control. However, molecular
methods are expensive. Thus, their application in grassroots medical institutions and far-�ung areas is
severely limited.

TB is primarily transmitted through the respiratory tract. In hospital settings or public places, people
should be protected from pathogens. Thus, measures to prevent the airborne spread of TB must be taken
to protect people at risk of TB infection. However, recognizing people at high risk of TB infection is
di�cult. Therefore, a practical risk prediction model for TB must be developed. A nomogram is an easy-
to-use tool that can create a simple and intuitive prediction model chart. It can be used to quantify the risk
of a clinical event by graphically representing the in�uence of each prediction factor on the results.
Hence, a reader/clinician can more easily understand the impact of each predictor on the results. A
clinician can predict 1-, 3-, and 5-year survival by looking at the sum of all predictors for a given patient
[5].

In this study, we identi�ed a combination of variables that can be used to accurately predict the risk of TB
infection. A nomogram for this purpose was established. This nomogram can aid physicians in
diagnosing and applying appropriate TB treatment.

Patients And Methods
Patients

A retrospective review of 272 consecutive patients who came to our hospital from January 2014 to
December 2014 was conducted. TB diagnosis was based on acid-fast staining smear of MTB. Secondary
analysis was ethically permitted by the Xi’an Chest Hospital (Xi’an, China), and all subjects have received
informed consent. All patient information was not made public.

The variables analyzed were gender, age, alcoholism, smoking history, cough, phlegm, fever, hemoptysis,
night sweat, fatigue, emaciation, chest pain, short breath, cluster of differentiation 4(CD4), cluster of
differentiation 8(CD8), CD4/CD8, erythrocyte sedimentation rate(ESR), C-reactive protein(CRP), abnormal
liver function, albumin(ALB), and total protein(TP).

Statistics analysis

Count (%) was adopted to express all data comprising demographic, disease, and therapy features.
Statistical analysis was performed using the R software (Version 3.1.1; https://www.R-project.org).

Least absolute shrinkage and selection operator (LASSO) regression technique was utilized in selecting
the best prediction characteristics in risk factors of patients with TB. Characteristics with nonzero
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coe�cients in the LASSO regression model were selected. Using multivariable logistic regression
analysis, a predictive model and a nomogram for TB was developed. The characteristics had been
deemed to be odds ratio (OR), which possessed 95% con�dence interval (CI) and as P-value. Statistically
signi�cant levels were re�ected in two aspects. The model consisted of sociodemographic variables with
a P-value of 0.05, whereas all variables related to disease and therapy features were also covered. Using
cohort studies, all possible predictors were applied in establishing a predictive model of TB risk. The
calibration of the forecast nomogram was evaluated by plotting calibrated curves. Harrell’s C-index was
also measured to quantify the prediction nomogram and assess its discriminatory performance. Area
under the curve (AUC) was calculated to determine the discrimination ability of the model. Bootstrapping
(resampling = 113) was performed to internally validate the model. The accuracy of the nomogram was
compared with that of a doctor's judgment on the basis of his or her clinical experience by determining
net reclassi�cation improvement (NRI) and integrated discriminative improvement (IDI). As alternatives to
AUC, NRI and IDI were employed to assess improvements in risk prediction and measure the practicality
of this novel model. Decision curve analyses (DCA) were conducted to determine the practicality or
feasibility and the advantages of this predictive model.

Results
Patients’ characteristics

A total of 385 patients, including 243 patients with TB and 142 patients with other diseases, were treated
in our hospital from January 2014 and December 2014. About 70% of the patients (272) were randomly
selected and analyzed to build the model, and 30% of the patients (113) were evaluated to validate the
model. Information of the patients’ in the two groups, such as demographics, disease, and therapy
characteristics, is summarized in Table 1.

Table 1. Distinctions amid \demographic and clinical features for TB and non-TB groups
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Demographic characteristics n(%)

TB(n=177) non-TB(n=95) Total(n=272)

gender      

      male 133(75.14) 53(55.79) 186(68.38)

      female 44(24.86) 42(44.21) 86(31.62)

alcoholism      

      YES 16(9.04) 3(3.16) 19(6.99)

      NO 161(90.96) 92(96.84) 253(93.01)

age      

       <50 117(66.10) 54(56.84) 171(62.87)

      50-59 31(17.51) 19(20.00) 50(18.38)

      60-69 14(7.91) 16(16.84) 30(11.03)

      70-79 11(6.21) 3(3.16) 14(5.15)

      80+ 4(2.26) 3(3.16) 7(2.57)

smoking      

      YES 48(27.12) 24(25.26) 72(26.47)

      NO 129(72.88) 71(74.74) 200(73.53)

cough      

      YES 161(90.96) 86(90.53) 247(90.81)

      NO 16(9.04) 9(9.47) 25(9.19)

phlegm      

      YES 151(85.31) 77(81.05) 228(83.82)

      NO 26(14.69) 18(18.95) 44(16.18)

fever      

      YES 93(52.54) 51(53.68) 144(52.94)

      NO 84(47.46) 44(46.32) 128(47.06)

hemoptysis      

      YES 34(19.21) 21(22.11) 55(20.22)

      NO 143(80.79) 74(77.89) 217(79.78)
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fatigue      

      YES 57(32.20) 27(28.42) 84(30.88)

      NO 120(67.80) 68(71.58) 188(69.12)

night sweat      

      YES 56(31.64) 22(23.16) 78(28.68)

      NO 121(68.36) 73(76.84) 194(71.32)

chest pain      

      YES 33(18.64) 19(20.00) 52(19.12)

      NO 144(81.36) 76(80.00) 220(80.88)

emaciation      

      YES 35(19.77) 11(11.58) 46(16.91)

      NO 142(80.23) 84(88.42) 226(83.09)

CD4      

      <35% 19(10.73) 10(10.53) 29(10.66)

      35-55% 74(41.81) 44(46.32) 118(43.38)

      >55% 84(47.46) 41(43.16) 125(45.96)

CD8      

      <20% 15(8.47) 7(7.37) 22(8.09)

      20-30% 37(20.90) 16(16.84) 53(19.49)

      >30% 125(70.62) 72(75.79) 197(72.43)

CD4/CD8      

      <1.4 90(50.85) 49(51.58) 139(51.10)

      1.4-2.0 42(23.73) 28(29.47) 70(25.74)

      >2.0 45(25.42) 18(18.95) 63(23.16)

ESR mm/h      

      male:0-15;

female:0-20

31(17.51) 38(40.00) 69(25.37)

      male:>15;

female:>20

146(82.49) 57(60.00) 203(74.63)
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CRP mg/L)      

      0-6 49(27.68) 47(49.47) 96(35.29)

      >6 128(72.32) 48(50.53) 176(64.71)

abnormal liver function      

      YES 21(11.86) 7(7.37) 28(10.29)

      NO 156(88.14) 88(92.63) 244(89.71)

ALB g/L      

       40 62(35.03) 29(30.53) 91(33.46)

      40-55 52(29.38) 40(42.11) 92(33.82)

       55 63(35.59) 26(27.37) 89(32.72)

TP g/L      

       65 92(51.98) 51(53.68) 143(52.57)

      65-85 83(46.89) 44(46.32) 127(46.69)

       85 2(1.13) 0(0.00) 2(0.74)

Feature selection

Among the 24 characteristics covering demographics, diseases, and therapy characteristics from 272
patients in the cohort (Figures 1A and 1B), only 12 possible predictive factors, namely, gender, age,
smoking history, fever, hemoptysis, fatigue, emaciation, CD8, CD4/CD8, ESR, CRP, and abnormal liver
function, remained (Table 2). These factors possessed nonzero coe�cients in the LASSO regression
model.

Table 2. Multivariable logistic regression analysis for constructing a predictive model through
incorporation of nonzero coe�cients chosen in the LASSO regression mode
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Intercept and variable Prediction model

β Odds ratio (95% CI) P-value

Intercept -0.5390 0.5833(0.226-1.518) 0.264

gender      

      male 1.1411 3.1301(1.802-5.526) <0.001

age      

      50-59 -0.7238 0.4849(0.258-0.911) 0.024

      60-69 -1.2125 0.2975(0.142-0.612) 0.001

      70-79 -0.5780 0.5610(0.222-1.461) 0.225

      80+ -1.0385 0.3540(0.076-1.911) 0.192

smoking -0.6870 0.5031(0.280-0.897) 0.020

fever -0.6187 0.5387(0.326-0.878) 0.014

hemoptysis -0.4445 0.6410(0.363-1.133) 0.124

fatigue -0.3683 0.6919(0.408-1.171) 0.170

emaciation 0.5835 1.7924(0.916-3.657) 0.097

CD8      

      20-30% 0.0620 1.0639(0.258-4.146) 0.930

      >30% -0.0354 0.9652(0.395-2.272) 0.936

CD4/CD8      

      1.4-2.0 0.0626 1.0646(0.613-1.857) 0.824

      >2.0 0.4970 1.6437(0.574-5.213) 0.371

ESR 0.9739 2.6483(1.506-4.701) <0.001

CRP 0.6867 1.9871(1.150-3.452) 0.014

abnormal liver function 0.4042 1.4981(0.703-3.369) 0.309

Establishment of a personalized predictive model

The results of logistic regression analyses of gender, age, smoking history, fever, hemoptysis, fatigue,
emaciation, CD8, CD4/CD8, ESR, CRP, and abnormal liver function are given in Table 2. A model
incorporating the aforementioned independent predictive factors was constructed and displayed as a
nomogram (Figure 2).
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Performance of the TB risk nomogram in the cohort

According to the calibration curves, the performance of the infection risk nomogram for TB prediction
was excellent and consistent with this cohort (Figure 3). The C-index for the predictive nomogram was
0.737 (95% CI: 0.685–0.789). Bootstrapping proved the C-index was 0.688. These results demonstrated
the outstanding discriminative capability of this model. According to the TB risk nomogram, the
predictive ability of the model was excellent.

Validation of the nomogram for TB risk prediction

The training data were utilized to plot ROC curves. The AUC of the training set was statistically signi�cant
(0.729, 95% CI: 0.677–0.781). Analysis of accuracy showed that the NRI and IDI values in the training
cohort were 0.224 (95% CI: 0.087–0.553) and 0.007 (95% CI:–0.0096–0.0236), respectively.

Clinical use

The decision curve of the TB nomogram is plotted in Figure 5. According to the decision curve, when the
threshold probabilities of patients and doctors were 13% and 83%, respectively. In this scope, the net
bene�t could be contrasted with multiple overlapping parts according to the TB risk nomogram.

Discussion
Nomogram is widely utilized in predicting tumors and various diseases [6–8]. It relies on a humanized
digital interface for high precision and easy understanding of prognosis to facilitate a rational clinical
decision-making [5]. Nomogram has higher clinical value than traditional predictive models [9]. In the
present study, a nomogram for TB risk prediction was established. It consisted of 12 variables, namely,
gender, age, smoking history, fever, hemoptysis, fatigue, emaciation, CD8, CD4/CD8, ESR, CRP, and
abnormal liver function. This nomogram is a comparatively precise predictive tool for diagnosing
patients with TB. Using an internally validated cohort, results showed that this model has excellent
discriminative and calibration ability. In particular, the C-index indicated that the nomogram has a large
sample size. Thus, it can be widely utilized in clinical settings.

TB is a prominent public health concern worldwide. According to previous studies, recognition of TB
infections remains unsatisfactory. Physicians recognize that over half of patients have active TB, but
they still fail to enact preventive measures [10]. As the cost of healthcare increases and as resources
become scarce, suspected cases must be promptly and correctly identi�ed. Moreover, therapy is
commonly postponed for patients with TB who are not subjected to sputum or drug-resistance
experiments or for patients with sputum-negative TB. In some cases, patients undergo improper therapy.
Several studies examined the factors related to TB infection, some of which have varying degrees of
success in terms of risk.

In the present study, a nomogram for TB risk prediction was established on the basis of 12 variables for
patients with TB. LASSO regression analysis was performed to �lter the variables involved in the
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nomogram. Clinically important predictive factors were evaluated. Results that smoking history was one
of the predictors in the nomogram. Systematic reviews revealed that smoking has an adverse relationship
with global TB epidemic [11]. The role of smoking in TB pathogenesis is associated with ciliary
dysfunction, decreased immune responses, defects in immunological reactions of macrophages, with or
without reduced CD4 count, and increased susceptibility to MTB infection [12]. The TB epidemic
disproportionally affects males and females. Borgdorff et al. [13] provided compelling evidence that
males are predominantly infected with TB than females. However, other researchers argued that this
conclusion is due to reporting bias as TB infection among females may be underreported in developing
regions [14]. In the present study, gender was found to be one of the predictors. TB incidence was higher
in males than in females probably because most men are the breadwinner of the family. Hence, they are
more exposed to TB infection than females. Moreover, the elderly are more susceptible to infectious
diseases than younger individuals, especially to respiratory tract infections [15]. According to the WHO
Global Tuberculosis Report (2014), the greatest TB infection rates worldwide were recorded in people
aged 45–55 years. In the Western Paci�c region, Eastern Mediterranean, and Southeast Asia, TB
infections are high among the elderly, especially among those over 65 years old [16]. This report was
consistent with our nomogram prediction. Kara [17] reported that four clinical factors, including chronic
symptoms, such as persistent fever, fatigue, and emaciation, are associated with TB. This �nding was
consistent with the results of our prediction model. Several laboratory inspection indicators were also
inputted into the model. Results indicated that CD8, CD4/CD8, ESR, CRP, and abnormal liver function can
be used as predictors to predict TB risk. CD4+ Th1 cells and CD8+ T cells generate IFN-γ, which is crucial
to the protection of MTB-infected humans [18]. Among patients with reactive TB, CD4+ and CD8+ cell
counts are low and the CD4/CD8 ratio is reduced [19]. Elevated levels of in�ammatory markers (CRP and
ESR) are commonly noted in patients with TB [20]. CRP may be used as an indicator of TB infection with
good sensitivity [21]. However, it may not be able to detect less severe cases [22].

In conclusion, this study validated the clinical variables that can be used to risk-stratify patients with
suspected TB upon admission. The predictive nomogram developed herein can aid doctors in identifying
patients both at low risk and at high risk for TB. However, this study has several limitations. First, it was a
retrospective study conducted in the same medical institute. Therefore, sampling and selection bias due
to the heterogeneous and small number of subjects might have affected our analyses. Therefore, the
nomogram developed herein must be explored if it can be applied to other regions or nations and multiple
centers. Finally, the unmeasured variables might have produced extra effects.
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Figures

Figure 1

Demographic and clinical feature selection using the LASSO binary logistic regression mode. (A) Optimal
parameter (lambda) selection in the LASSO model used �vefold cross-validation via minimum criteria.
The partial likelihood deviance (binomial deviance) curve was plotted versus log(lambda). Dotted vertical
lines were drawn at the optimal values by using the minimum criteria and the 1 SE of the minimum
criteria (the 1-SE criteria). (B) LASSO coe�cient pro�les of the 24 features. A coe�cient pro�le plot was
produced against the log(lambda) sequence. Vertical line was drawn at the value selected using �vefold
cross-validation, where optimal lambda resulted in 12 features with nonzero coe�cients.
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Figure 2

Established TB risk prediction nomogram. Note: The TB risk prediction nomogram was established in the
cohort, including gender, age, smoking, fever, hemoptysis, fatigue, emaciation, CD8, CD4/CD8, ESR, CRP,
abnormal liver function
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Figure 3

calibration curves of the TB probability nomogram prediction in the cohort. Notes: The x-axis refers to the
predicted TB risk. The y-axis refers to the actual diagnosed TB. The diagonal dotted line represents a
perfect prediction by an ideal model. The solid line represents the performance of the nomogram, of
which a closer �t to the diagonal dotted line represents a better prediction.
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Figure 4

The AUC (representative the discrimination of the model) of the model. Note: The dotted vertical lines
indicate the 95% con�dence interval. AUC, area under the curve.
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Figure 5

Decision curve analysis for the TB nomogram. Notes: The y-axis measures the net bene�t. The dotted line
represents the TB risk nomogram. The thin solid line represents the assumption that all patients are TB
infection. Thin thick solid line represents the assumption that no infection. The decision curve showed
that if the threshold probability of a patient and a doctor is 13 and 83%, respectively, using this TB
nomogram in the current study to predict TB risk adds more bene�t than the intervention-all-patients
scheme or the intervention-none scheme.


