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Abstract 1 

 2 

Background: Involvement of lymph nodes has been an integral part of breast cancer prognosis 3 

and survival. This study aimed to explore factors influencing on the number of auxiliary lymph 4 

nodes in women diagnosed with primary breast cancer by choosing an efficient model to assess 5 

excess of zeros and over-dispersion presented in the study population.  6 

Methods: The study is based on a retrospective analysis of hospital records among 5,196 female 7 

breast cancer patients in Pakistan. Zero-inflated Poisson and zero-inflated negative binomial 8 

modeling techniques are used to assess the association between under-study factors and the 9 

number of involved lymph nodes in breast cancer patients.  10 

Results: The most common breast cancer was invasive ductal carcinoma (54.5%). Patients 11 

median age was 48 years, from which women aged 46 years and above are the majority of the 12 

study population (64.8%). Examination of tumors revealed that over 2,662 (51.2%) women were 13 

ER-positive, 2,652 (51.0%) PR-positive, and 2,754 (53.0%) were Her2.neu-positive. The mean 14 

tumor size was 3.06 cm and histological grade 1 (n=2021, 38.9%) was most common in this 15 

sample.  16 

The model performance was best in the zero-inflated negative binomial model. Findings indicate 17 

that most factors related to breast cancer have a significant impact on the number of involved 18 

lymph nodes. Age is not contributed to lymph node status. Women having a larger tumor size 19 

suffered from greater number of involved lymph nodes. Tumor grades 11 and 111 contributed to 20 

higher numbers of positive lymph node. 21 

Conclusions: Zero-inflated models have successfully demonstrated the advantage of fitting 22 

count nodal data when both “at-harm” (lymph node involvement) and “not-at-harm” (no lymph 23 

node involvement) groups are important in predicting disease on set and disease progression. Our 24 

analysis showed that ZINB is the best model for predicting and describing the number of 25 

involved nodes in primary breast cancer, when overdispersion arises due to a large number of 26 

patients with no lymph node involvement. This is important for accurate prediction both for 27 

therapy and prognosis of breast cancer patients. 28 

 29 

Keywords: Oncology, Mamma cancer, Nodal involvement, Count model, Zero-Inflation 30 

  31 
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Background 32 

Breast cancer, a commonly diagnosed malignant cancer entity in females, represents a major 33 

public health issue worldwide [1]. Previous studies have shown large absolute numbers of 34 

incident breast cancer cases in developing countries, in which abnormal growth starts in breast 35 

tissues with the risk of spreading to other body parts [2]. This malignancy is classified into two 36 

major types, ductal and lobular carcinoma: Ductal carcinoma – which most breast cancers belong 37 

to – starts in the ducts; lobular carcinoma starts in the milk-producing parts of the breast 38 

(lobules). Significant prognostic factors of poor survival are higher age, nodal involvement, 39 

higher tumor grade, advanced clinical stage, greater tumor size, and metastasis [3]. 40 

Although new tumor markers have been identified and different tests are recommended, the 41 

condition is not good for lower economic countries [4]. Due to lack of funding, the tumor 42 

diagnosis and prognosis in public hospitals in developing countries is still limited to lymph node 43 

status, tumor size, and grade [4,5], also, the presence or absence of auxiliary lymph nodes has 44 

been recognized as an important predictor of breast cancer risk. Studies showed node-positive 45 

patients had lower survival rates than node-negative ones [6]. Furthermore, a higher number of 46 

positive lymph node involvement contributes to an increased risk of complications [7–9]. Many 47 

studies show the association between various factors and the progression of breast cancer; all of 48 

them highlight the importance of lymph node involvement in breast carcinoma [10,11]. 49 

For breast cancer prediction, modeling of non-negative whole integers is done through 50 

generalized linear modeling framework, by accounting non-normal response average linkage to 51 

the predictors. From the exponential family distributions, any distribution of projection of non-52 

negative count response is used [12]. The number of involved lymph nodes falls under the 53 

category of count data, which cannot be generally approximated by a normal distribution. In the 54 
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context of count response variable, Poisson, negative binomial, Poisson log-normal and other 55 

mixtures of distributional models are available [13–15]. Among the negative binomial and 56 

Poisson regression models, binomial is mostly applied to avoid observed heterogeneity and 57 

clustering, while Poisson count model has the limitations of equal mean and variance in real-58 

world scenarios [16,17].  59 

In epidemiological investigations, excessive zeros are a special case of count data analysis, 60 

which cannot be applied through conventional count techniques. Zero-inflated distributional 61 

modeling has proved usefulness in this regard, by dividing the regime into zeros and non-zeros. 62 

These divided regions mostly called perfect and imperfect states, respectively [18]. A large 63 

variety of literature is available on zero-inflated response treated with zero-inflated Poisson (ZIP) 64 

or zero-inflated negative binomial (ZINB) modeling techniques [19–24]. 65 

Lymph node involvement in breast cancer is strongly associated with many factors. Although 66 

count models are suitable for modeling lymph node counts, but distributions of lymph node 67 

counts are characterized by a large number of zeroes, when there is no lymph node involvement 68 

at the initial diagnostic stage of breast cancer, that’s why zero inflated modeling framework has 69 

replaced by count modeling to handle such “excess zeros”. In studies where both excess zeros 70 

and over-dispersion occurs, negative binomial zero-inflated models are applied to get efficient 71 

estimates of parameters, rather than inflated Poisson [25]. Another common issue arises in 72 

understanding and projecting excessive zeros in studies so an appropriate model can be chosen to 73 

assess excessive zeros in the first place, by considering false negative rate [26]. 74 

This study aims to quantify the risk of lymph node involvement in women diagnosed with 75 

primary breast cancer, by applying descriptive statistics and other tests to check excessive zeros 76 

in the data set. Complete modeling methodology is presented and applied to study breast cancer 77 
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disease and develop better intervention strategies related to such data type. For doing so, we used 78 

retrospective data from hospital records of breast cancer patients in Pakistan. 79 

 80 

Methods 81 

Study design 82 

This study is based on a retrospective analysis of data from 5,196 primary breast cancer women 83 

who registered at Mayo hospital Lahore, Pakistan, from 2013 to 2019. This data taken from 84 

hospital records include information about the age at diagnosis, cancer type, tumor size, 85 

histological grade, and molecular markers (ER, PR, Her2.neu). The number of involved lymph 86 

nodes was taken as the response variable. Complete information of predictors and response were 87 

available for all selected cases. Exclusion criteria were incomplete information, patients who had 88 

a secondary tumor or had metastasis from other organs to the breast at the time of registration, 89 

unknown pathological nodal status (Nx), immeasurable primary tumor (Tx), and Paget’s disease 90 

of the nipple without tumor. The association between the understudy factors mentioned above 91 

and the number of involved nodes has been assessed using inflated count modeling. 92 

 93 

Modeling framework 94 

By representing count lymph nodes, the response variable 1,2,3,....,
j

Y n  has a probability mass 95 

function (PMF) of Poisson distribution with parameter , 96 
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In this scenario, likelihood function takes the form 98 
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The function ln( ) T

j j j
x     linked j

Y and matrix of explanatory variables X [12]. 100 

Poisson distribution has conditions of independent events and equality of conditional mean and 101 

variance [13].  102 

If non-negative whole integer response follows negative binomial distribution the function is 103 

given by, 104 
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 105 

Mean and variance are j
  and (1 )

j j
  , respectively. Being a dispersion parameter 0 106 

negative binomial becomes a Poisson distribution [14]. 107 

Many fields of research involve excess zero counts Such data is known as zero-inflated data, in 108 

which the population under study is divided into two latent classes, with most observations being 109 

zero. Researchers have developed methods to analyze excessive zeroes data in various research 110 

disciplines such as agriculture, ecology, economy, health, tourism, transportation, manufacturing, 111 

and others. Zero-inflation has a two-stage modeling framework, where numbers are modeled 112 

through count distribution and observations at zero through binomial realization [25-28].  113 

Lambert (1992) proposed the theory and application of zero-inflated Poisson (ZIP) modeling by 114 

a two-way process, first excess zeros and second zeros occur in Poisson distribution [19]. ZIP 115 

data has the general form, 116 

0
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 117 

Here, , 1, 2,3,....,
j

Y j n , j
 is the probability of extra zeros while j

 is the average of non-extra 118 

zeros subpopulation.  119 
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It yields two states mixture distribution with PMF,  120 
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Parameters j  and j


 
are defined as logit ( )

j j
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j j
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      and j
Z , j

X are 1(1 )p  and 2(1 )p  vectors of 123 

predictors for the th
j unit. For estimation purpose, the likelihood for ZIP has the form, 124 

 
0 0( ) ( )( , ; ) [ln( (1 ) ] [ln(1 ) ln ln( !)]j

j jy j j y j j j j j

j

l l y I e I y y
      

 

        
 (6) 

125 

Where, (.)I is the event indicator variable.  126 

Inflated negative binomial [29] has the probability density function (PDF),   127 
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As our data set has covariates, the ZIP likelihood has the form, 132 
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            (9) 134 

Similarly, the ZINB likelihood with covariates is given by, 135 
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            (10) 138 

Estimates are obtained by taking first and second derivatives with respect to unknown 139 

parameters. 140 

We applied the approach to model the effect of different factors related to breast cancer on the 141 

number of involved lymph nodes. The covariates found to be significant in univariate analysis 142 

with any of the regressions were included in all the regression models to maintain the 143 

comparative findings. We first applied Poisson and negative binomial count models and then ZIP 144 

and ZINB models. The Vuong test was performed to check inflated models’ improvement over 145 

standard parametric count models [28,30]. The general statistical model has the form, 146 𝐶𝑜𝑢𝑛𝑡(𝐿𝑦𝑚𝑝ℎ𝑁𝑜𝑑𝑒𝑠) = 𝛼0 + 𝛼1𝑇𝑢𝑚𝑜𝑟𝑇𝑦𝑝𝑒 + 𝛼2𝐴𝑔𝑒 + 𝛼3𝑇𝑢𝑚𝑜𝑟𝐺𝑟𝑎𝑑𝑒 + 𝛼4𝐸𝑅 +147 𝛼5𝑃𝑅 + 𝛼6𝐻𝑒𝑟2. 𝑛𝑒𝑢 + 𝛼7𝑇𝑢𝑚𝑜𝑟𝑆𝑖𝑧𝑒  
148 

                                 (11)
 149 

Where count is the response variable (number of involved lymph nodes), which can follow many 150 

distributions, like Poisson, Quasi-Poisson, negative binomial and others. Here we applied two 151 

distributional count models: Poisson and negative binomial. For the Vuong test [31], we assumed 152 

Poisson and negative binomial regression models, while for the binary component of zero-153 

inflated 72 128  different choices occurred.  154 
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Zero inflated models reduced bias in our estimates by accounting non-normality due to 155 

occurrence of large number of zeroes in our data set. Also, Akaike information criterion (AIC) 156 

was criteria used to check the performance of zero-inflated models [32]: 157 

2ln 2AIC L p             (12) 158 

Where L denotes the fitted log likelihood and p the number of parameters, AIC is highly 159 

recommended model selection criteria as it takes into account both goodness of fit and 160 

complexity of the model. 161 

For all analyses, the level of significance was chosen at 5%. R 3.6.2 package was used for data 162 

analysis [33]. 163 

 164 

Results 165 

Sample characteristics and lymph node involvement 166 

Table 1 shows the characteristics of female breast cancer patients, which may act as predictive 167 

factors on the number of lymph nodes. The tumor is divided into invasive ductal carcinoma 168 

(n=2,832; 54.5%) and other types (n=2,364; 45.5%). The median age at diagnosis was 48 and it 169 

was divided into three categories ≤35 years (n=736, 14.2%), 36–45 years (n=1,092; 21.0%), and 170 

≥46 years (n=3368; 64.8%). The patients were almost equally distributed among the histological 171 

grades. About half of the patients were ER positive (51.2%), PR positive (51.0%), and Her2.neu 172 

positive (53.0%). The majority of the patients (70.2%) had a tumor size between 2 and 4.9 cm.  173 

 174 

- Table 1 - 175 

 176 
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The plot of nodal frequency at each count is shown in Figure 1. Overall, 2,406 breast cancer 177 

patients (46,3%) had no lymph node involved, suggested inflated zero models. Among the 2,790 178 

patients with positive nodes, factors are distributed among three counting categories 1–2 179 

(n=656), 3–4 (n=1324), and ≥5 (n=810) of involved nodes (Table 2).  180 

 181 

- Figure 1 - 182 

- Table 2 - 183 

 184 

Zero-inflation modeling 185 

Zero inflated Poisson (ZIP) and negative binomial (ZINB) demonstrated significant (p<0.05) 186 

association of tumor grade, ER, PR and tumor size with counts of involved nodes, while tumor 187 

type, tumor grade, ER, PR, Her2.neu and tumor size have influence on zero excessive counts of 188 

no involvement of nodes (Table 3), because of not having prior information about predictors 189 

which might have strong association with positive nodes and/or excessive zeroes, we take same 190 

covariates on both components of two distributions mixture inflated models. Results showed 191 

estimated coefficients, standard errors and associated p-values for count and zero parts for ZIP 192 

and ZINB.  193 

 194 

- Table 3 - 195 

 196 

Vuong test [31], as a suitable suggested approach for both nested and non-nested models, favors 197 

between Poisson count and ZIP the latter (Z-statistic=-26.917, p<0.001), and between negative 198 

binomial and ZINB also the latter one (Z-statistic=-22.286, p<0.001). The model performance 199 
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based on AIC indicated that among linear (AIC=23710.43), counts (Poisson (AIC=20777.19); 200 

Negative Binomial (AIC =18773.01)) and zero inflated (ZIP (AIC=16658.36); ZINB 201 

(AIC=16559.15)) the ZINB model provides the best fit to the data, as reference of lower AIC 202 

value [32] (Table 4).  203 

 204 

-Table 4 - 205 

 206 

Due to the better fit of the ZINB model, these modeling results on factors significantly associated 207 

with nodal involvement are presented (Table 5). According to this, patients with a higher tumor 208 

grade have a larger number of positive lymph nodes, although strongly positive associated for 209 

grade 111 (OR=1.323, 95% CI: 1.248–1.402) and 11 (OR=1.002, 95% CI: 0.944─1.064) 210 

compared to grade 1. Patients being ER-negative (OR=0.952, 95% CI: 0.913–0.993) and PR-211 

negative (OR=0.897, 95% CI: 0.856–0.939) have a lower likelihood for involved lymph nodes. 212 

Larger tumor sizes have positive association with a greater number of positive lymph nodes 213 

involved at primary diagnosed breast cancer in Pakistani women. When considering zero counts, 214 

it is also shown in Table 5 that women diagnosed with another tumor type than invasive ductal 215 

carcinoma are prone to have no involvement of lymph nodes (OR=6.869, 95% CI: 5.632–8.376). 216 

Patients with tumor grade 1 have positive correlation with not having lymph nodes than grades 217 

11 (OR=0.375, 95% CI: 0.309–0.454) and 111 (OR=0.453, 95% CI: 0.372–0.550). ER-negative 218 

(OR=0.543, 95% CI: 0.460–0.642), PR-negative (OR=0.277, 95% CI: 0.229–0.334) and 219 

Her2.neu-negative (OR=0.429, 95% CI: 0.363–0.508) patients have greater probability of no 220 

nodal involvement tumor. Tumor size 2–4.9 (OR=0.497, 95% CI: 0.394–0.626) have zero counts 221 
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in respect of involved nodes than reference size ≤1.9, and bigger tumor size ≥5 (OR=0.036, 95% 222 

CI: 0.022–0.058). 223 

 224 

-Table 5 - 225 

 226 

Discussion  227 

In our data, almost half of the study population with breast cancer showed negative nodal status, 228 

which means no involvement of lymph nodes at primary diagnosis of breast cancer. However, 229 

this can be due to an early stage of breast cancer which may develop to be more harmful after 230 

time passes. Furthermore, there is a probability of human error during data entry. For that reason, 231 

choosing the best fit is important in case of accounting false negative. The study population is 232 

divided into “at-harm” and “not-at-harm” groups in the context of nodal status, as patients with 233 

positive number of involved nodes are considered more critical than those who have no 234 

involvement of lymph nodes.  235 

We have fitted standard Poisson and negative binomial regression models by incorporating time 236 

independent covariates. When it comes to describe the variability of counts, the Poisson model 237 

does not fit well, but negative binomial distribution serves a good fit for modeling counts with 238 

variability different from mean. This is depicted through the analysis, which resulted into higher 239 

AIC values due to ignoring the higher frequency of occurrences in zeroes. Whereas the estimates 240 

are correct, standard errors are wrong and unaccounted by the model. Therefore, the results are 241 

not displayed in this article. 242 

Furthermore, lymph nodes negative status was in greater number than positive ones, which 243 

showa a strong evidence of applying zero inflated modeling techniques to get in depth study of 244 
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patients’ health by analyzing data. Zero inflated models separately analyzed both groups count 245 

and excessive zeroes by mixture modeling technique. 246 

ZIP is suggested to account excess zeros, but comes with the limitation of equal mean and 247 

variance for the count component [34]. Also for heavy tail with extra zero data ZINB model is 248 

recommended [29]. In summary, zero-inflated modeling is a better choice as compared to 249 

standard regression count models, for the type of study population we have analyzed. Therefore, 250 

it is highly recommended that researchers should fit standard and inflated models to choose the 251 

best fit for their dataset. 252 

In terms of model selection criteria, score and likelihood ratio tests are suitable for comparing 253 

nested models [27]. Assuming a well fitted model, the ZINB model is likely to have provided an 254 

accurate representation for understudy dataset by AIC non-nested model selection method, a 255 

good way to provide tradeoff between complexity of applied model and good fit for study data.  256 

Some limitations must be noted. First, the number of covariates added is dependent on the 257 

availability of data. Further important factors related to patients not included in this analysis may 258 

also affect the nodal status. Second, we were not able to account a longitudinal assessment that 259 

may reveal other aspects related to “at-harm” and “not-at-harm” populations. Third, we did not 260 

account for different binary components of zero-inflation due to a large number of available 261 

covariates. This choice of models needs to be empirically investigated in studies related to breast 262 

cancer in the future. Forth, simulation study can be conducted to strengthen our conclusions. 263 

Apart from these future tasks, this study is trying to fill the statistical modeling gap to analyze 264 

patterns of nodal involvement in primary breast cancer patients, using a large data set collected 265 

in Pakistan. Mayo hospital Lahore is one of the best governmental hospital where patients come 266 

from all over Pakistan. We believe that our study successfully quantified the “at-harm” 267 
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population group by incorporating time independent covariates which are associated with the 268 

presence of involved lymph nodes. Zero-inflated models have successfully demonstrated the 269 

advantage of fitting count nodal data when both “at-harm” and “not-at-harm” groups are 270 

important in predicting disease on set and disease progression. 271 

 272 

Conclusions 273 

Accurate prediction of involved lymph nodes is a need for clinicians, as it is one of the most 274 

important therapeutic and prognostic factors to improve health outcomes of breast cancer 275 

patients. Our analysis showed that ZINB is the best model for predicting and describing the 276 

number of involved nodes in primary breast cancer, when overdispersion arises due to a large 277 

number of patients with no lymph node involvement. Furthermore, advanced tumor grade and 278 

larger tumor pose risks, which suggest urgent treatment.  279 

 280 
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Figure 1: Nodal frequency count 420 
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Tables 423 

 424 

Table 1: Characteristics of 5,196 patients with primary breast cancer 425 

 
n (%) 

Tumor type 
 

IDC 2,832 (54.5%) 

Other 2,364 (45.5%) 

Age (in years) 
 

≤35 736 (14.2%) 

36–45 1,092 (21.0%) 

≥46 3,368 (64.8%) 

Tumor grade 
 

1 2,021 (38.9%) 

11 1,618 (31.1%) 

111 1,557 (30.0%) 

Estrogen receptor 
 

Positive 2,662 (51.2%) 

Negative 2,534 (48.8%) 

Progesterone receptor 
 

Positive 2,652 (51.0%) 

Negative 2,544 (49.0%) 

Her2.neu receptor 
 

Positive 2,754 (53.0%) 

Negative 2,442 (47.0%) 

Tumor size (in cm) 
 

≤1.9 963 (18.5%) 

2–4.9 3,650 (70.2%) 

≥5 583 (11.2%) 

  426 
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Table 2: Distribution of covariates with respect to positive number of involved nodes 427 

Positive nodes (n) 
1–2  

n (%) 

3–4 

n (%) 

≥5 

n (%) 

Total  

n (%) 

  

Tumor type       

IDC 412 (20.1) 1,010 (49.3) 627 (30.6) 2,049 (100)   

Other 244 (32.9) 314 (42.4) 183 (24.7) 741 (100)   

Age (in years)       

≤35 84 (22.2) 181 (47.8) 114 (30.0) 379 (100)   

36–45 123 (20.9) 289 (49.1) 177 (30.1) 589 (100)   

≥46 449 (24.6) 854 (46.9) 519 (28.5) 1,822 (100)   

Tumor grade       

1 214 (28.2) 458 (60.3) 88 (11.6) 760 (100)   

11 251 (25.0) 518 (51.6) 235 (23.4) 1,004 (100)   

111 191 (18.6) 348 (33.9) 487 (47.5) 1,026 (100)   

Estrogen receptor       

Positive 305 (21.7) 682 (48.4) 421 (29.9) 1,408 (100)   

Negative 351 (25.4) 642 (46.5) 389 (28.1) 1,382 (100)   

Progesterone receptor       

Positive 247 (19.6) 530 (42.1) 481 (38.2) 1,258 (100)   

Negative 409 (26.7) 794 (51.8) 329 (21.5) 1,532 (100)   

Her2.neu receptor       

Positive 242 (21.6) 450 (40.2) 427 (38.2) 1,119 (100)   

Negative 414 (24.8) 874 (52.3) 383 (22.9) 1,671 (100)   

Tumor size (in cm)       

≤1.9 183 (73.5) 34 (13.7) 32 (12.9) 249 (100)   

2–4.9 452 (22.8) 1,278 (64.4) 253 (12.8) 1,983 (100)   

≥5 21 (3.8) 12 (2.2) 525 (94.1) 558 (100)   

  428 
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Table 3: Multivariate models to study the effect of time independent covariates on number of involved nodes in 429 

primary breast cancer patients 430 

Parameter 
Zero-Inflated Poisson (ZIP) 

Estimate (SE) [p-value] 

Zero-Inflated Negative Binomial (ZINB) 

Estimate (SE) [p-value] 

Poisson/NB with log link 

Intercept 0.512 (0.065) [5.39e-15] 0.486 (0.071) [5.51e-12] 

Tumor type   

IDC Ref. Ref. 

Other -0.004 (0.025) [0.870] 0.010 (0.028) [0.730] 

Age (in years)   

≤35 Ref. Ref. 

36–45 -0.006 (0.032) [0.861] 0.005 (0.037) [0.897] 

≥46 0.019 (0.027) [0.487] 0.019 (0.032) [0.540] 

Tumor grade   

1 Ref. Ref. 

11 0.006 (0.027) [0.815] 0.002 (0.030) [0.940] 

111 0.273 (0.026) [<2e-16] 0.280 (0.030) [<2e-16] 

Estrogen receptor   

Positive Ref. Ref. 

Negative -0.047 (0.019) [0.011] -0.049 (0.021) [0.021] 

Progesterone receptor   

Positive Ref. Ref. 

Negative -0.087 (0.020) [2.07e-05] -0.109 (0.024) [3.91e-6] 

Her2.neu receptor   

Positive Ref. Ref. 

Negative -0.027 (0.019) [0.170] -0.030 (0.023) [0.178] 

Tumor size (in cm)   

≤1.9 Ref. Ref. 

2–4.9 0.705 (0.058) [<2e-16] 0.726 (0.061) [<2e-16] 

≥5 1.622 (0.059) [< 2e-16] 1.654 (0.063) [<2e-16] 

Log(theta)  2.908 (0.134) [<2e-16] 

Binomial with logit link 

Intercept 1.300 (0.165) [3.68e-15] 1.263 (0.172) [1.80e-13] 

Tumor type   

IDC Ref. Ref. 

Other 1.845 (0.094) [<2e-16] 1.927 (0.101) [<2e-16] 

Age (in years)   
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Parameter 
Zero-Inflated Poisson (ZIP) 

Estimate (SE) [p-value] 

Zero-Inflated Negative Binomial (ZINB) 

Estimate (SE) [p-value] 

≤35 Ref. Ref. 

36–45 0.073 (0.130) [0.573] 0.086 (0.134) [0.523] 

≥46 0.027 (0.111) [0.805] 0.039 (0.115) [0.732] 

Tumor grade   

1 Ref. Ref. 

11 -0.932 ( 0.093) [<2e-16] -0.982 (0.080) [<2e-16] 

111 -0.767 ( 0.096) [1.34e-15] -0.792 (0.100) [1.82e-15] 

Estrogen receptor   

Positive Ref. Ref. 

Negative -0.558 (0.081) [4.31e-12] -0.610 (0.085) [7.48e-13] 

Progesterone receptor   

Positive Ref. Ref. 

Negative -1.210 (0.089) [<2e-16] -1.285 (0.096) [<2e-16] 

Her2.neu receptor   

Positive Ref. Ref. 

Negative -0.828 (0.082) [<2e-16] -0.846 (0.086) [<2e-16] 

Tumor size (in cm)   

≤1.9 Ref. Ref. 

2–4.9 -0.728 (0.114) [1.74e-10] -0.700 (0.118) [3.39e-09] 

≥5 -3.362 (0.240) [<2e-16] 3.320 (0.246) [<2e-16] 

 431 

  432 
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Table 4: Comparison of fitted models by Akaike information criterion (AIC) 433 

Model AIC 

Linear 23710.43 

Poisson 20777.19 

Negative Binomial 18773.01 

Zero-Inflated Poisson 16658.36 

Zero-Inflated Negative Binomial 16559.15 

  434 
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Table 5: Zero-Inflated Negative Binomial model 435 

Parameter OR 95% CI 

Poisson/NB with log link 

Intercept 1.626 1.416–1.867 

Tumor type   

IDC 1  

Other 1.010 0.955–1.067 

Age (in years)   

≤35 1  

36–45 1.005 0.926–1.070 

≥46 1.019 0.958–1.085 

Tumor grade   

1 1  

11 1.002 0.944–1.064 

111 1.323 1.248–1.402 

Estrogen receptor   

Positive 1  

Negative 0.952 0.913–0.993 

Progesterone receptor   

Positive 1  

Negative 0.897 0.865–0.939 

Her2.neu receptor   

Positive 1  

Negative 0.970 0.928–1.014 

Tumor size (in cm)   

≤1.9 1  

2–4.9 2.067 1.836–2.329 

≥5 5.228 4.625–5.913 

Binomial with logit link 

Intercept 3.536 2.527–4.952 

Tumor type   

IDC 1  

Other 6.869 5.632–8.376 

Age (in years)   

≤35 1  

36–45 1.090 0.838–1.417 
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Parameter OR 95% CI 

≥46 1.040 0.831–1.302 

Tumor grade   

1 1  

11 0.375 0.309–0.454 

111 0.453 0.372–0.550 

Estrogen receptor   

Positive 1  

Negative 0.543 0.460–0.642 

Progesterone receptor   

Positive 1  

Negative 0.277 0.229–0.334 

Her2.neu receptor   

Positive 1  

Negative 0.429 0.363–0.508 

Tumor size (in cm)   

≤1.9 1  

2–4.9 0.497 0.394–0.626 

≥5 0.036 0.022–0.058 

 436 
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