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Abstract

Several primary sources of publicly available, quantitative dose-response data from traditional 

toxicology study designs relevant to predictive toxicology applications are now available, 

including the redeveloped U.S. Environmental Protection Agency’s Toxicity Reference Database 

(ToxRefDB v2.0), the Health Assessment Workspace Collaborative (HAWC), and the National 

Toxicology Program’s Chemical Program’s Chemical Effects in Biological Systems (CEBS). 

These resources provide effect level information but modeling these data to a curve may be more 

informative for predictive toxicology applications. Benchmark Dose Software (BMDS) has been 

recognized broadly and used for regulatory applications at multiple agencies. However, the current 

BMDS software was not amenable to modeling large datasets. Herein we describe development 

and use of a Python package that implements a wrapper around BMDS, a software that requires 
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manual input in the dose-response modeling process (i.e., best-fitting model-selection, reporting, 

and dose-dropping). In the Python BMDS, users can select the BMDS version, customize model 

recommendation logic, and export summaries of the resultant BMDS output. Further, using the 

Python interface, a web-based application programming interface (API) has been developed for 

easy integration into other software systems, pipelines, or databases. Software utility was 

demonstrated via modeling nearly 28,000 datasets in ToxRefDB v2.0, re-creation of an existing, 

published large-scale analysis, and demonstration of usage in software such as CEBS and HAWC. 

Python BMDS enables rapid-batch processing of dose-response datasets using a modeling 

software with broad acceptance in the toxicology community, thereby providing an important tool 

for leveraging the publicly available quantitative toxicology data in a reproducible manner.
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2 AVAILABILITY

Implemented in Python (available on the Python packaging index, https://pypi.org/project/

bmds/). Source code is open-source and MIT licensed: Shapiro 2018a [1], Shapiro 2018b 

[2]; this code is available for anyone to use. A demo web application where one can model 

data is available at bmds-python.com; this URL will be available for at least 2 years post-

publication of this article.

4 INTRODUCTION

Dose-response analyses of hazard information are used to inform selection of a 

toxicologically-relevant dose for use in chemical risk assessments. Typically, a dose 

corresponding to observed effects from a repeat dose animal toxicity study is selected for 

each study to inform these assessments. The selected doses are called points-of-departure 

(PODs). Traditionally, PODs have been dose levels corresponding to the no or lowest 

observable adverse effect levels (NOAELs, LOAELs) from traditional animal studies. 

However, this traditional approach is limited because of dependencies on the dose selection, 

dose spacing, and sample size used in the original study. It is widely accepted that fitting a 

model to the dose-response data for observed effects can address some of the limitations of 

the traditional approach to POD selection [3-5]. Indeed, many modeling methods exist, 

including Benchmark Dose Software (BMDS) [6], PROAST [7], and the ToxCast Data 

Analysis (tcpl) and curve-fitting procedure [8]; however, one software program has 

predominately been used in toxicology: BMDS. It is important to implement a high-

throughput functionality for BMDS because the model fitting procedure included in BMDS 

is familiar to toxicologists, risk assessors, and other stakeholders interested in defining a 

toxicologically-relevant dose based on a benchmark response (BMR), i.e., a user-defined 

value signifying a toxicologically significant change based on baseline recommendations or 

specific knowledge of the quantitative relationship between the specific effect and an 

adverse outcome. In many cases, the BMR has been based on the type of effect observed 
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(e.g., cancer versus non-cancer endpoints). Suggested defaults for BMR selection are 

available in EPA BMD guidance [6].

Adaptation of BMDS for automated analysis of large amounts of legacy data follows in the 

steps of previous work, briefly overviewed here. BMDS has been adapted for analysis of 

transcriptomic information with BMDExpress [9, 10], and now BMDExpress2.0 [11-13] 

which provides a command line interface to fit continuous, transcriptomic concentration 

response data in parallel. The BMDS Wizard [14] was designed to capture all required input 

and outputs for a BMDS session, defined as application of multiple models to a single 

dataset, in an Excel file. These software libraries or user-interfaces for BMDS are heavily 

customized for the specific use-cases for which they were designed; for instance, the BMDS 

graphical user interface and the BMDS Wizard are both useful in cases with limited numbers 

of datasets to be modeled, and BMDExpress constrains the input data to continuous data, 

where there are thousands of response (such as probes on a microarray) related to a single 

dose profile.

The work presented herein addresses a new use case: the need for BMD modeling of 

continuous and dichotomous data, integrated with other software and database systems used 

in computational toxicology. A new web application and software interface for BMDS was 

built using Python, which can be used for efficient modeling of large volumes of data. 

Unlike the BMDS Wizard where only one dataset can be modeled per Excel file, or BMD 

Express, which is designed specifically for continuous data from toxicogenomic studies, the 

Python BMDS interface library and web application can enable automation of the full suite 

of models available from the canonical EPA BMDS. This can facilitate the use of BMDS on 

large numbers of datasets, such as those now available in the US EPA’s Toxicity Reference 

Database (ToxRefDB v2.0) [15], the National Toxicology Program’s Chemical Effects in 

Biological Systems (CEBS) [16], or the Health Assessment Workspace Collaborative 

(HAWC), an open-source content management system for human health assessments [17, 

18]. The application described herein enables easier software integration of BMD modeling, 

which may promote use of BMD modeling in toxicology research more broadly, as opposed 

to the NOAEL/LOAEL methods which are still most frequently used.

5 IMPLEMENTATION AND FEATURES

5.1 Programming languages

Concurrent with each release of BMDS, EPA releases both source code, developer 

documentation, and compiled versions of the software (www.epa.gov/bmds; [6]). As 

discussed in Section 5.7, Future Work, the source code for the very recently released BMDS 

3.0 was not available at the time of this publication. For previous versions of BMDS (2.7 and 

below), the published source-code includes two components: a user-interface for BMD 

modeling which is written in the C# programming language, and the individual dose-

response models, where each executable represents a single model or a model family (e.g., 

Hill, multistage, exponential, logistic), written in C. Extensive developer documentation is 

provided for input files to the dose-response models.
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Due to its common use, performance characteristics with regards to interoperability with C, 

and extensive existing software libraries in data science and application development, we 

selected the Python software language for development of the BMDS interface library. 

Python is one of the most widely used programming languages and has seen substantial 

growth in the last few years in the data-science domain, as well as general scripting and 

web-applications [19, 20]. Further, the Python programming language interfaces well with 

other programming languages such as C, Fortran, R, and Java; therefore; is an ideal language 

for a scientific software interface, as these languages are frequently used in scientific 

applications.

5.2 Benchmark dose modeling features

The interface library, i.e., the Python package which acts as an entry point to the underlying 

BMDS models, was engineered with three key design considerations. First, it was designed 

to be adaptable to analysis-specific modeling decisions, e.g. model recommendation and/or 

high dose-dropping, and flexible so that users of the software could implement modeling per 

the needs of their application. However, common use case patterns were also implemented, 

such as automated model recommendation, as previously implemented in the BMDS Wizard 

software [14]. Second, performance (i.e., speed) was also important when designing the 

interface library; by default modeling is highly concurrent with multiprocessor support. 

Finally, it was important to ensure that the EPA BMDS modeling library, instead of a 

surrogate, is used for all complex numerical evaluations of the dose-response data. This 

includes using the compiled code provided by EPA with no modifications. Since the BMD 

software has previously been applied in myriad research and regulatory applications, we did 

not want to change any features which have already gone through extensive peer-review. A 

comparison of four applications of BMDS are shown in Table 1.

The EPA BMDS package and associated EPA BMD tools implement dose-response 

modeling for many types of toxicological data, including continuous, dichotomous, nested-

dichotomous, categorical (via Categorical Regression Analysis, or CatReg [21]), repeated 

response, etc. The Python BMDS interface library was implemented to include three 

standard widely-used data types, continuous, dichotomous, and cancer-dichotomous; 

however, the Python BMDS could be extended in the future to include new releases of 

BMDS (version 3.0, www.epa.gov/bmds), other data types, or even non-BMDS approaches, 

such as Bayesian benchmark dose estimation [22]. The Python BMDS workflow is depicted 

in Figure 1, starting with the (A) data input, working through the (B) Python BMDS 

processing, to (C) outputs from the software.

A primary feature of using Python BMDS is the ability to run data modeling sessions 

concurrently. As in all versions of EPA BMDS, a single dataset can be added and modeled 

with multiple dose-response modeling curves in a session. However, there are limitations to 

the batch processing capabilities of BMDS (i.e., running multiple sessions). In contrast, the 

Python BMDS interface library, allows for dozens to thousands of sessions to be created and 

executed in parallel, thus dramatically increasing the possible use-cases for the software. 

Higher-throughput analyses that could take advantage of this include modeling of datasets 
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from large legacy databases, systematic reviews, or possibly even high-throughput screening 

modeling applications.

An additional strength of the Python BMDS interface is its ease in integrating benchmark 

dose modeling into other applications by providing a simple API (Figure 1B). For 

continuous datasets, the BMDS software includes two different variance models, i.e., 

constant or modeled variance [14] when using BMDS Wizard, models may need to be 

executed twice in order to use the correct variance model. The Python BMDS interface 

library implements the same test used in BMDS, and the appropriate variance model can be 

automatically selected, reducing model outputs and runtime by half for each dataset. 

Evaluating multiple BMRs is also simple; sessions can be cloned and evaluated with 

different BMRs. Model recommendation logic largely follows the logic used in the BMDS 

Wizard as described by Wignall and colleagues (2014) [14] (Figure 1), with some minor 

updates noted in Section 5.6 (details on default recommendation logic are in the online 

documentation) per more recent BMDS guidance. The logic used for model 

recommendation in Python BMDS is fully customizable, i.e., new rules could be created, or 

existing rules removed. The software could also be extended to use Bayesian model-

averaging techniques such as those implemented in BMDS 3.0. Finally, the software 

includes an option to drop the highest dose-group when a model cannot be recommended, as 

long as there are a sufficient number of dose-groups for modeling. This is a common 

approach to dose-response modeling where higher dose groups may behave non-

monotonically due to mortality or acute toxicity rather than the endpoint of interest. By 

default, this option is disabled; however, when applied, the BMDS output preserves the 

original dataset and notes the number of doses dropped to enable a model with a 

recommendation, rather than forcing a user to track the re-analysis manually.

5.3 Outputs

Reports can be generated in standard human readable formats (Word, Excel), or machine-

readable formats (JSON, Python pickle serialization, etc.) (Figure 1C). Dose-response plots 

can be generated and customized using the popular matplotlib [23] Python plotting library 

and exported in standard formats (PNG, SVG, PDF, TIFF, etc.). The software was written in 

an object-oriented design pattern, e.g., classes for common idioms in dose-response 

modeling include descriptors such as Session, SessionBatch, Dataset, and Model, which can 

be composed by software developers or data analysts to build pipelines or integrate into 

other software.

5.4 Versioning, compatibility, and web application

The Python BMDS interface library uses the most recent version of EPA BMDS in the 

version 2 series by default (2.7), however prior versions of EPA BMDS are also available in 

the Python BMDS interface library. Generally, BMD analyses and assessments are done 

with a single version of EPA BMDS; the interface library was designed to allow forwards 

and backwards compatibility with BMDS as new versions are created, so that prior analyses 

can be reproduced. The Python BMDS interface library currently includes multiple versions 

of BMDS, including versions 2.3.1, 2.4, 2.6, and 2.7. The software will be updated to use the 
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newly released version 3 series of BMDS [24] when developer documentation becomes 

available, as described below in Section 5.7.

The US EPA releases both the source-code for dose-response models used in BMDS, as well 

as compiled-executables of these models for Microsoft Windows operating system. 

However, for BMDS 2.7 and below there can be minor differences in versions of the model 

executables based on various settings during compiling, which are operating-system specific 

(e.g., BMDS models compiled on Microsoft Windows may give slightly different answers 

that BMDS on Apple MacOS, or Linux web-servers). Therefore, while it is possible to 

compile and use the EPA models distributed prior to BMDS 3.0 on different operating 

systems, in order to make results fully reproducible with previous versions, it is important to 

rely exclusively on using the pre-compiled versions of the software which are distributed by 

EPA. Thus, for BMDS 2.7 and below, reproducibility is only ensured by the use of pre-

compiled models executed in a Windows operating system environment. Restricting use of 

the Python BMDS interface library on a Windows operating system may pose problems in 

developing pipelines or integrating into other software systems, as Linux environments are 

frequently used for web-applications and high-performance computing. Therefore, in 

addition to developing a Python BMDS interface library, a BMDS web application was also 

developed that allows for the Python BMDS interface library to be used on any computer 

that can access the web. Users provide a dataset or list of datasets and BMDS modeling 

options. The web application converts the request to “jobs,” which are placed on a queue and 

are modeled as computing resources are available. BMDS modeling results can be 

downloaded and are deleted after a period of time (defaults to one week). While users can 

interact directly with the web application using a web browser, the web application was 

primarily designed for interfacing with other software platforms or pipelines where dose-

response modeling was needed. The web application was implemented using the widely-

used Python Django web framework [25], and is deployed on a Windows server so that the 

compiled executable files provided by EPA are used, ensuring results are fully reproducible 

in any environment. A Representational State Transfer (REST) application programming 

interface (API) was implemented for submitting/receiving data from the web application, a 

de facto standard in transferring data/requests on the internet [26]. A demonstration website, 

at bmds-python.com, is available as described above.

5.5 Large scale batch processing using the Python BMDS interface

Wignall et al. (2014) [14] first demonstrated the ability to use BMDS with a set of 

standardized BMD settings on a database of toxicological data. The original analysis was 

conducted using the BMDS Wizard, an Excel-based wrapper of the EPA BMDS modeling 

software version 2.3.1, where each dataset along with model settings and results are saved in 

a single Excel file. The modeling was conducted in a semi-automated fashion; each Excel 

file was automatically created but manually executed. Doses may have been dropped as 

needed and saved in separate Excel files, a manual process, and results were aggregated 

manually for subsequent analysis.

We referenced the analysis from Wignall et al. (2014) [14] to test concordance of the Python 

BMDS interface library with a previous analysis. After preparing data, modeling setup and 
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execution was conducted in 18.5 minutes, or approximately 1.0 second per dataset (using a 

2012 laptop with 4-core hyperthreaded Intel i7-3610 processors and 8GB RAM). In total, 

over 7,000 individual dose-response models were executed, a throughput of approximately 

390 models per minute. The total time taken for model executions was not captured in 

Wignall et al. 2014 [14], but assuming 1.5 minutes per dataset for execution and human 

review, selection of model recommendation, manual dose-dropping, and data transfer into 

summary spreadsheets, it would take approximately 22 hours of time. Note also that all pre- 

and post-processing using the Python BMDS interface is captured in code, whereas the prior 

study required substantial manual editing and aggregation of tables, which limits 

reproducibility. Detailed results for the analysis, including input and output files, as well as 

the source code for the analysis, are available in Supplemental Material 1.

Overall, high similarity was found in results between the prior analysis and the reanalysis 

using this software library (Figure 2). In terms of the number and type of datasets fit, 87.7% 

of the 896 datasets reanalyzed demonstrated a concordant result (either recommended or did 

not recommend a best-fitting model), while in 12.3% of the cases a different result was 

achieved (83.2% matching continuous, 86.9% dichotomous, and 90.2% cancer 

dichotomous). In many cases the Python BMDS interface recommended a model when the 

BMDS wizard analysis was unable to (24, 37, and 38 datasets, for continuous, dichotomous, 

and cancer dichotomous, respectively). The opposite case was also observed (3, 6, and 2 

datasets, respectively).

For cases where both Python BMDS and BMDS Wizard calculated a BMD value, there is a 

high degree of concordance between recommended BMD values; a linear regression of the 

Python BMDS and BMDS Wizard BMD values produced an R2 0.941 (Figure 2B). Over 

75% of datasets with BMD values in both cases were within 0.01 relative dose-units 

equivalence; in absolute terms 84% of datasets were within 1 dose-unit. Discordances 

between analyses could be a byproduct of BMDS version (2.3.1 vs 2.7), workflow 

implementation and manual processing in the prior analysis, additional model-options in 

Python BMDS, or mapping old summary files to the new analysis. There are also slight 

differences in workflow implementation; for example, previously in BMDS Wizard, only a 

single multistage model was executed with a polynomial degree equal to the number of dose 

groups (n) minus 1; in the Python BMDS interface, multiple multistage models are executed 

from order 1 to n-1 by default, and therefore additional models are available for possible 

model-fit. As previously stated, all recommendation logic can be modified, but the more 

stringent logic can result in differences in model recommendations. A fully automated 

workflow as implemented with the Python BMDS interface improves on limitations with 

manual processing, including facilitating and maintaining ease of reproducibility, 

standardizing the approach, and limiting user-error in configuration or manipulation of input 

and output data. It should be noted that even repeating an older analysis conducted in a 

different platform (BMDS Wizard) demonstrates the utility of the Python BMDS interface; it 

allows flexibility in modeling, model recommendation logic, and analysis of results.

The application of Python BMDS in ToxRefDB v2.0 is currently the largest automated 

implementation of BMDS (1,170 cancer datasets; 17,318 non-cancer dichotomous datasets; 

and 9,268 continuous datasets), thus serving as a proof-of-concept for large batch-processing 
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of dose-response data using BMDS. Using Python BMDS to analyze data in ToxRefDB 

v2.0, models were built for effect data from five different types of study designs, including 

chronic, subchronic, subacute, multi-generation reproduction, and developmental study 

designs, and over 300 categories of observed effects, e.g. the tissue or effect of interest [15]. 

Based on BMDS guidance [27], default BMRs were selected for each dose response-type, 

i.e. cancer (5% and 10%), non-cancer dichotomous (5% and 10%), continuous body/organ 

weight (10% relative deviation), and continuous non-body/organ weight (1 standard 

deviation), though these could be expanded in the future. Approximately one-third of the 

available quantitative dose-response datasets in ToxRefDB v2.0 passed quality control and 

minimum dataset requirements imposed (e.g., N, three dose groups and a control, and an 

estimate of variance such as standard deviation) for batch processing by Python BMDS. Of 

the 27,756 total datasets, 73-86.7% had at least one recommended model that yielded a 

BMD and BMDL value for the chemical-effect pair, depending if 5 or 10% BMR is used, 

respectively. However, specific use cases may necessitate the need for expert judgement and 

evaluation before use. The datasets and models are available in the ToxRefDB v2.0 release 

([15]; GitHub link https://github.com/USEPA/CompTox-ToxRefDB).

5.6 Application integrations using the Python BMDS web application

Here, we discuss additional examples early adoption of the publicly available Python BMDS 

code and/or web application by other data aggregation projects. The Python BMDS web 

application has been adopted for use in the NTP CEBS database [16]. BMDS was used to 

model data from the National Toxicology Program’s chronic carcinogenicity studies stored 

in CEBS, with BMD and BMDL values calculated for significant histopathological findings 

using a default BMR. In the future, CEBS is planning to calculate BMD values for all 

treatment-related findings in NTP public data (from toxicology and carcinogenicity studies, 

five-day dose-response transcriptomics studies, genetic toxicology assessments, etc.). 

Currently, internal NTP users can access data in CEBS and run the Python BMDS service 

for these data; however, it is anticipated that these features in CEBS will become available to 

the public in the future. Another project utilizing Python BMDS is the HAWC project 

(https://hawcproject.org/), a free, open-source content-management designed for systematic 

reviews of human health assessments [17]. The software has been used for a number of 

reports by state, federal, and international agencies, including a National Academy of 

Sciences report [28]. Users can create an assessment where bioassay, epidemiological, and 

in vitro data can be extracted and integrated in summary visualizations. Bioassay data can be 

modeled using BMDS in HAWC, which is implemented using the Python BMDS library. 

BMD analyses can be created by the user with full control of endpoint selection, BMR(s), 

and model settings. An example analysis is shown here: https://hawcproject.org/ani/

endpoint/33/.

5.7 Future work

The Python BMDS interface library is dependent on the official EPA BMDS software 

releases. Thus, when new versions of the EPA software are released, Python BMDS will also 

be updated. A new version of BMDS (version 3.0) was released in October of 2018. This 

release was a major update to the software, including completely rewriting the existing API 

for how models are executed; instead of executing models via a command-line interface, 
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they are executed via function calls using shared-object libraries. At the time of writing, the 

software was released to the public, but source code and developer documentation were not 

yet available. However, when these become available, the Python BMDS interface library 

will be updated to include new BMDS versions. The authors believe that in addition to 

improvements in modeling approaches (e.g., Bayesian model averaging for dichotomous 

datasets, etc.), there will likely be faster performance of modeling. Further, should shared-

object libraries be released in operating systems other than Windows (i.e., 64-bit Linux, 

Mac), these could also be used to allow for platform agnostic model execution, thus relaxing 

the Windows-only execution restriction of the current implementation. As guidance and user 

experience will BMDS version 3.0, these can shape the evolution of Python BMDS 

implementation.

6 CONCLUSIONS

From a regulatory and scientific perspective, EPA BMDS has provided dramatic advances in 

the ability to build a unified approach to dose-response modeling, which is a foundational 

principal in human health risk assessment and toxicology research applications. EPA has 

publicly provided source code and extensive documentation on how to use the software both 

at a user-interface level, as well as for software developers. However, from a software 

integration perspective, BMDS was difficult to integrate into other software systems due to 

operating system dependencies and input/output formatting constraints. Herein we present a 

new Python interface for BMDS and a web-application for executing BMD modeling. We 

have demonstrated the utility of this system in implementing the gold-standard BMDS 

modeling methods on medium to large dose-response datasets in an automated fashion. The 

robustness and flexibility of the Python BMDS interface to be incorporated into automated 

pipeline have been demonstrated in multiple use cases, such as during systematic review 

where data are extracted from literature or using large datasets in existing databases. The 

Python BMDS interface was designed in such a way that the software can be used in the 

future for further integrations with other data systems or data pipelines, using modern 

software interfaces and development techniques. Finally, it is open-source and publicly 

available with a permissive software license, which enables re-use and future collaborations. 

Python BMDS provides a tool that advances reproducibility in modeling of large toxicology 

databases, substantially extending the functionality of BMDS for predictive toxicology 

applications.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Highlights

• Python BMDS and web application enable automation of models available 

from BMDS.

• Large public datasets can now be efficiently modeled for predictive 

toxicology.

• Python BMDS users can customize BMDS version and model 

recommendation logic.

• Python BMDS and previously published BMD values were highly 

concordant.

• Python BMDS was used to model nearly 28,000 datasets in ToxRefDB 

version 2.0.
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Figure 1. Python BMDS workflow.
The workflow, including necessary inputs (A), the logic used in the Python BMDS for fitting 

(B), and the stored output (C) are illustrated.

Pham et al. Page 13

Reprod Toxicol. Author manuscript; available in PMC 2020 December 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Figure 2: Comparison of BMD estimates from BMDS Wizard and Python BMDS Interface.
Re-analysis using the Python BMDS library was compared for 896 datasets from Wignall et. 
al. 2014 [14]. (A) 87.7% of the reanalyzed datasets demonstrated a concordant result, with 

either both libraries fitting (dark blue) or failing (light blue). In some cases (for 24, 37, and 

38 datasets, for continuous, dichotomous, and cancer dichotomous, respectively), the Python 

BMDS interface recommended a model when the BMDS wizard analysis did not (dark 

orange). Conversely, for 3, 6, and 2 datasets, Python BMDS failed and the BMDS Wizard fit 

(light orange). (B) When BMD estimates were recommended in both analyses, a linear 

regression demonstrates high concordance, with an R-squared of 0.941.
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