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ABSTRACT

Job Safety Analysis (JSA) is critical for proactively identifying workplace hazards, assessing their
potential consequences, and implementing effective control measures. However, traditional JSA
methods can be inefficient and prone to errors, particularly in complex industrial environments.
This paper introduces AutoJSA, a knowledge-enhanced framework that leverages large language
models (LLMs) to automate and optimize the JSA process. We collected 73 high-quality JSA re-
ports from a chemical engineering company and divided the JSA workflow into three key tasks:
hazard identification, consequence identification, and control measure generation. Two ap-
proaches — fine-tuning and retrieval-augmented generation (RAG) — were employed on a base
LLM (GLM-4-9B-Chat) to adapt it for these domain-specific tasks. Experimental results demon-
strate that both fine-tuning and RAG significantly improve task performance relative to the un-
modified model, with fine-tuning generally providing larger gains. While RAG offers the advantages
of dynamic knowledge retrieval and simpler implementation, it yields more modest improvements
compared to fine-tuning. Moreover, a direct combination of fine-tuning and RAG did not show
additional benefits under the current approach. Overall, AutoJSA effectively addresses the limita-
tions of traditional JSA by increasing the accuracy and efficiency of safety analysis, laying the
groundwork for fully automated JSA report generation. The findings underscore the potential of
advanced artificial intelligence and natural language processing techniques to enhance workplace

safety management in complex and rapidly evolving industrial settings.
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1. INTRODUCTION

In the chemical process industry, tasks such as cal-
ibrating temperature control systems, replacing seals on
reactors, and conducting maintenance on pumps and
compressors are essential for maintaining safe and effi-
cient operations. However, these activities can expose
workers to hazards like electrical shock, high-tempera-
ture burns, or poisoning. Job Safety Analysis (JSA) is cru-
cial for mitigating these risks by systematically examining
each task, identifying potential hazards, and implement-
ing effective control measures [1].

Heinrich is considered the first scholar to introduce
the term Job Safety Analysis [2]. Since then, JSA has
been widely applied in industries such as process engi-
neering, construction, and healthcare [3], with various
guidelines available for conducting JSA [4,5]. A
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comprehensive JSA typically includes four key compo-
nents: Job Description, Hazard lIdentification, Conse-
quence ldentification, and Control Measures Generation.
JSA improves workplace safety by identifying and ad-
dressing potential risks before work begins, helping to
reduce accidents and injuries [6,7], and identifying po-
tential human errors to ensure quality performance [8].
However, traditional JSA faces several challenges:
it may fail to identify all potential risks, especially those
arising from unforeseen circumstances or complex sce-
narios [9]. Additionally, it is time-consuming, particularly
in dynamic environments [10], and there can be signifi-
cant variations in hazard identification quality, as differ-
ent individuals may have different expertise levels [11].
To address these challenges, researchers have ex-
plored Al methods to automate JSA. For example, one
study integrated JSA with a modified Petri net for non-
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routine operations, which helped identify sequential
anomalies. However, its static and semi-quantitative na-
ture limits dynamic risk simulation and the ability to ac-
count for complex interactions [12]. Another study devel-
oped a knowledge graph for automatic JSA using
GRAKN.AI, which provided solid risk assessments, but it
relied on pre-existing JSA documents and lacked real-
time data or natural language support [13]. Similarly, a
third proposed an ontology-based framework combined
with Building Information Modeling for automated JSA.
However, it overlooks dynamic factors, such as site lay-
out changes, and requires manual rule adjustments [14].
While these approaches are sophisticated, they often
suffer from limited accuracy and adaptability due to their
reliance on expert rules, structured data, and static mod-
els, which can miss subtle or emerging risks and restrict
cross-domain applicability.

Large language models (LLMs), like ChatGPT and
GPT-4 [15], present a solution by handling unstructured
text, detecting new risks, and adapting across domains—
making them ideal for automating hazard identification
and safety reporting. Although some studies have ex-
plored the application of LLMs for similar tasks [16-18],
systematic evaluation of LLMs for the entire JSA process
remains limited.

This paper introduces AutoJSA, a knowledge-en-
hanced LLM framework using fine-tuning and retrieval-
augmented generation (RAG) techniques to improve JSA
accuracy, efficiency, and adaptability in complex indus-
trial environments.

2. METHODOLOGY

2.1 Framework Overview of AutoJSA

Hazard
Identification
Consequence
Identification

Control Measure
Generation

Figure 1. Framework overview of AutoJSA.

JSA Reports

JSA Generation

Figure 1 illustrates the framework of this study,
which aims to generate JSA reports using LLMs. The da-
taset consists of high-quality JSA reports for training,
validation, and testing.

The JSA report generation is divided into three sub-
tasks: hazard identification, consequence identification,
and control measure generation. Each task has corre-
sponding JSA reports split into training, validation, and
test sets.

Fine-tuning and RAG are applied to each sub-task.
Fine-tuning optimizes the base model for task-specific
data, while RAG enhances information retrieval and
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output generation using a structured knowledge base.
Both methods are evaluated through a predefined frame-
work to assess performance under different parameters.
The best-performing parameters, selected from val-
idation results, are tested on the test set to compare the
fine-tuned model, RAG-enhanced model, and base model.
The evaluation will determine the effectiveness of fine-
tuning and RAG in improving JSA report generation.

2.2 Data Description

The data used in this study consists of 73 high-qual-
ity JSA reports obtained from a chemical engineering
company. These reports cover various jobs and provide
a detailed safety analysis for each step of the job. Each
JSA report is composed of two main sections: JobInfo
and JSA. A detailed description of the data structure can
be found in Figure 2.

1. Joblnfo (Job Information)

JobName: Name of the job.

JobType: Type of work.

JobContent: Brief description of the job tasks.

JobSteps: Sequential steps to complete the job.
StepNumber: Order of the step.
StepName: Name of the step.
StepDetail: Detailed actions for the step.

2. JSA (Job Safety Analysis)
StepNumber: Corresponds to JoblInfo's step number.
StepName: Corresponds to JoblInfo's step name.
StepDetail: Corresponds to JoblInfo's step detail.
Hazards: Potential dangers in each step.
Hazard: Description of the hazard.
Consequences: Possible outcomes if the hazard occurs.
ControlMeasures: Actions to mitigate the hazard.

Figure 2. Detailed description of JSA report.

These reports are divided into three parts: 58 for
training, 8 for validation, and 7 for testing.

2.3 Task Breakdown of JSA

AutoJSA subdivides the JSA process into three key
tasks: Hazard Identification, Consequence identification,
and Control Measure Generation. This division reflects
the actual workflow followed during safety analysis,
where each task builds upon the previous one to com-
prehensively assess and mitigate risks associated with a
job.

Task 1 — Hazard Identification: This task identifies
potential hazards for each job step. The inputs include
the job name, job content, job step name, and step de-
tails. The output is a list of hazards associated with the
specific step.

Task 2 — Consequence ldentification: This task as-
sesses the potential consequences of each identified
hazard. The inputs include the same information as in
Hazard Identification, plus the specific hazard. The out-
put is a list of possible consequences.

Task 3 — Control Measure Generation: This task
generates control measures to mitigate the identified
hazards. The inputs include the job name, job content, job
step details, hazard, and consequence. The output is a
set of control measures.

Table 1 shows the number of samples in the training
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set, validation set, and test set for each task.

Table 1: Distribution of samples across training, valida-
tion, and test sets for each task.

Sample Size

Task Train Validation Test
Task 1 241 38 30
Task 2 759 117 92
Task 3 759 117 92

2.4 Application of LLM

LLMs are advanced Al systems trained on extensive
textual data to generate human-like text and perform
tasks like text generation, translation, and question an-
swering. In this study, LLMs automate and improve the
JSA process, aiding in hazard identification, conse-
quence identification, and control measure generation.
Fine-tuning and RAG techniques are used to optimize the
model for better accuracy and relevance in the JSA do-
main.

Considering the task's complexity and resource re-
quirements, we use GLM-4-9B-Chat [19] as the base
model. GLM-4-9B-Chat is a large language model with
approximately 9 billion parameters, developed as part of
the GLM-4 series by Zhipu Al. By fine-tuning and applying
RAG, we adapt the model for JSA report generation, im-
proving its ability to identify hazards, assess conse-
quences, and suggest control measures.

2.4.1 Fine-tuning

Input
“Role: Chemical Safety Engineer
Background: The user needs to identify hazards for i icaljob steps to

preventpotental accidents.
rofile:
e

safety and

i i with i of chemical
You identify and assess various polemial hazards during the job

Ekiis: You in chemical and
occupational health, allowmg you to analyze hazard factors from multiple angles.
Goals: Based on the providedjob nams,job content, job stop name, and job step details, identify potential
hazards for each job step and list the corresponding hazards.

The mustbe te, while also considering the
limitations of the actual work environment and operating conditions.
Output Format: The output should be a structured hazard ls

Norkflow:
1|orougl|ly review the provided job name, job content, job step name, and job step dotails.
ing hazard factors in each job step from the

d i anhed intoa
Examples.
Input:
Job Name: First-phase Clean Settling Tank Cleaning
Job Content: Cleaning and restoring the first-phase clean settling tank.
Job Step Name: Shutdown and Isolation
Job Step Details: Shutdown the relevantinlet and outlet systems; setup warning signs around the tank and
complele related work pormits.
Out

Incomplm isolation or misoperation, unclear warning signs or insufficient protection, irregular work permit
processin

Now, the job step you need to analyze is as follows:

Job Namé: Sewags Treatment Plant Welding of Water Supply and Drainage Pipes

Job Content: Welding and installation of water supply and drainage pipes in the sewage treatment plant.
Job Step Name: Job Preparation

Job Step Details: Obtain hot work and mmporaryaleclncny pormits; set up warning signs in the work area;
prep: g machines,

/Addltlonal inpu prowded by
“Based on the job step name, the following three similaT steps and their corresponding hazards were retrieved from
the database for reference:
Step 1 Name: Job Preparation
Hazards: Improper removal of barriers, inadequate warning signs setup, improper preparation of cutting tools,
lmplopsl handling of work permits, it f lifting slings and
Name Job Preparation

ion, entry into confined spaces without proper
procauuons

U /
(‘Output

Fire or explosion caused by hot work electric shock dus to electrical equipment usage, failuro to sot up warning
signs leading
ininjuries.’

Figure 3: A sample from the dataset used in Task 1. The
data used in this study is in Chinese. For the convenience
of reading, all related content here and in subsequent
sections has been translated into English.
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Fine-tuning involves adapting a pre-trained LLM to
a specific task or domain by continuing its training on a
smaller, domain-specific dataset [20]. While pre-trained
models like LLMs are trained on large, diverse datasets
to capture general linguistic patterns, fine-tuning helps
the model specialize in a particular domain—in this case,
JSA. This approach improves the model’s ability to iden-
tify hazards, assess consequences, and generate control
measures, ensuring that the outputs are relevant and ac-
curate for the specific task.

Fine-tuning works by initializing the pre-trained
model with knowledge from its original training, followed
by further training on task-specific data. In addition to
task-specific inputs (as described in Section 2.3), prompt
engineering [21] is also employed to guide the model dur-
ing training. Figure 3 illustrates an example dataset used
for Task 1, and similar datasets were created for Tasks 2
and 3. The corresponding datasets can be found in the
supplementary materials. Fine-tuning is performed by
adjusting parameters based on the loss values from the
training and validation sets, and the model with the low-
est validation loss is selected for testing.

2.4.2 RAG

RAG enhances LLMs by incorporating external re-
trieval mechanisms to provide domain-specific, up-to-
date information [22]. Unlike traditional models that rely
solely on pre-trained knowledge, RAG retrieves relevant
external data to improve accuracy. In the RAG framework,
the model retrieves documents based on the input query,
enhancing generation for more contextually appropriate
responses, which is crucial for tasks like JSA.

Extract 278 Job Steps

Vectorize Job Steps
and Corresponding Using BERT-Chinese
Hazard Lists for Task 1 Model

Generate Vector Index

([

Database
/
Vectorize Extracted Job
Steps Using BERT-
Chinese

Extract Job Step

Rocoivellput Information from Input

Add Similar Job Steps Find Top k Similar Job
and Hazard Lists to Input Steps and Their Hazard
in Predefined Format Lists.

Search Database Using
Cosine Similarity

Process Final Input with
LM

Figure 4. RAG framework uesd in this study.

For this study, we augmented the model’s inputs
with content retrieved via knowledge retrieval, as shown
in Figures 3 and 4. For Task 1, a knowledge database was
created by extracting 278 job steps and hazard lists. Us-
ing the BERT-base-Chinese model [23], we vectorized
the job steps and indexed them. The model retrieves the
k most similar job steps based on cosine similarity and
incorporates the corresponding hazard lists into the input
for the LLM. Similar processes were applied to Tasks 2
and 3, with variations in the search fields and content re-
trieved, and the RAG database used in this study is
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available in the supplementary materials.

We evaluated different values of k to determine the
optimal performance for each task, selecting the value
that performed best on the validation set.

2.4.3 Evaluation Criteria

Model performance was assessed by measuring se-
mantic similarity between model outputs and ground
truth. Our similarity evaluation employs a BERT-based
semantic encoding scheme: texts are first encoded using
the BERT-base-Chinese model (768-dimensional hidden
states), where the [CLS] token's hidden state serves as
sentence embeddings. After L2-normalization, we com-
pute cosine similarity through sim(a,b)=ath to quantify
semantic similarity.

3. RESULTS AND DISCUSSION

3.1 Fine-tuning

We adjusted the fine-tuning parameters based on
the model’s loss performance on the validation set. After
multiple rounds of experimentation, we identified a set of
reasonable parameters that resulted in a lower validation
loss. The specific parameters used can be found in the
supplementary materials. Figure 5 illustrates the training
and validation loss curves for the three tasks under these
parameters during model training.

Epochs.

Figure 5. Training and validation loss for three tasks.

From the data trends, under the parameter settings
used in this study, the training and validation losses for
all three tasks showed a decreasing trend as the number
of training epochs increased. This indicates that fine-tun-
ing was effective for all three tasks. However, after a cer-
tain number of epochs, the validation loss for each task
started to increase, suggesting overfitting. Based on
these experimental results, we selected the models cor-
responding to the epochs with the lowest validation loss
— 5, 4, and 6 epochs for Tasks 1, 2, and 3, respectively
— to be tested on the test set.

3.2 RAG

In the construction of the RAG framework, we opti-
mized the value of k for each task based on the validation
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set scores. Figure 6 shows the model's scores on the val-
idation set for the three tasks with different values of Kk,
along with the time consumption per output generation.

Figure 6. Model scores and time consumption vs. k.

During the RAG framework construction, the mod-
el's performance did not exhibit a significant trend with
varying k values. However, when looking at all three tasks,
smaller values of k already yielded good results. This
suggests that the LLM places more importance on the
most similar inputs, and it is more effective at leveraging
the most relevant knowledge to solve the problem. As the
value of k increases, more knowledge did not result in
improved model performance. This could be due to the
inclusion of more low-similarity knowledge, which may
have interfered with the model's reasoning. Additionally,
as k increases, the input text becomes longer, leading to
longer inference times. Based on these observations, we
selected k=2, k=1, and k=1 for Tasks 1, 2, and 3, respec-
tively, for testing on the test set.

3.3 Test Results

ask 1

Figure 7. Different model scores on the test set.

Figure 7 shows the performance scores of the orig-
inal model, the fine-tuned model, and the RAG-enhanced
model on the test set for the three tasks. It also includes
the results of the fine-tuned model when further aug-
mented with RAG.

The test results show that both the fine-tuned and
RAG-enhanced models outperform the original model.
However, RAG provides modest improvements, while
fine-tuning offers more substantial gains. Fine-tuning re-
quires more computational resources and a complex
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Model Output Score
Incomplete isolation or incorrect operation, unclear warning signs or insufficient protection,
irregular handling of work tickets, improper equipment preparation, risk of gas leakage, fire
Original model  or explosion caused by electric welding sparks, burns from high temperature operations, 0.7135
injuries from improper operation of cutting machines, improper use of protective equipment,
poor on-site ventilation, risk of chemical exposure, noise pollution, and dust pollution.
Fine-tuned Hot work risk, temporary electricity risk, inadequate equipment preparation, insufficient 0.8477
model protective equipment. .
Improper handling of hot work and temporary electrical work permits, incorrect placement
RAG-enhanced S . ) A - .
del of warning signs, inadequate equipment preparation, insufficient preparation of gas detec- 0.7725
mode tors and protective equipment, insufficient personnel training.
Fire or explosion caused by hot work, electric shock due to electrical equipment usage,
Expected failure to set up warning signs leading to unauthorized entry into hazardous areas, inade- -
quate preparation of protective equipment resulting in injuries.
Table 2: Comparison of output results.

implementation, while RAG is simpler and allows dynamic
updates to the knowledge base, offering flexibility.

When we combined the fine-tuned model with RAG,
no performance improvement was observed over fine-
tuning alone. This suggests that a more advanced inte-
gration approach, such as using a separate model to
combine the outputs of both, may be needed to fully lev-
erage the strengths of both techniques for optimizing
JSA report generation.

3.4 Case Study

Table 2 shows the results of the original, fine-tuned,
and RAG-enhanced models for hazard identification, as
described in Figure 3. The original model provides a
broad list of potential hazards in wastewater plant piping
welding, covering a wide range of risks such as gas leaks,
fire hazards, and equipment malfunctions. While compre-
hensive, this list can be overwhelming and less relevant
to the task, requiring users to filter key risks.

The fine-tuned model provides a more focused out-
put, listing four primary hazards: hot work operations,
temporary electrical risks, inadequate equipment prepa-
ration, and insufficient protective equipment. This ap-
proach improves clarity and helps users quickly identify

critical hazards, although it may overlook secondary risks.

The RAG-enhanced model incorporates external data-
bases, identifying five specific hazards, including non-
compliance with safety permits and improper equipment
placement. This model offers a detailed and practical
identification of risks, but its effectiveness depends on
the quality of the external data used.

In summary, the original model offers broad cover-
age but may lead to information overload. The fine-tuned
model provides precise and efficient results, ideal for
quick hazard identification. The RAG-enhanced model
ensures comprehensive hazard identification with exter-
nal knowledge. A better approach may involve strategi-
cally combining fine-tuning and RAG to enhance
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accuracy and detail.

4. CONCLUSION

The results demonstrate that the AutoJSA frame-
work enhances the accuracy and efficiency of Job Safety
Analysis by leveraging fine-tuning and RAG with LLMs.
Both methods outperform the base model in hazard iden-
tification, consequence assessment, and control meas-
ure generation, with fine-tuning generally providing more
significant improvements. The fine-tuned model pro-
duces more concise outputs, while the RAG-enhanced
model generates more comprehensive results.

However, the study has limitations. The current
framework does not explicitly incorporate traditional risk
assessment factors such as hazard severity and proba-
bility of occurrence. The dataset of 73 Chinese JSA re-
ports, while sufficient for proof of concept, may not fully
represent the diversity of tasks in broader industrial set-
tings or different linguistic contexts. Fine-tuning, though
effective, involves high computational cost, and combin-
ing it with RAG did not yield additional benefits, suggest-
ing potential inefficiencies in their integration. Addition-
ally, the BERT-based similarity metric used may not cap-
ture all qualitative aspects of JSA effectiveness.

Future research directions could address current
limitations by integrating risk assessment metrics into the
framework, expanding the dataset to encompass diverse
industrial scenarios across different linguistic and cultural
contexts, exploring integration strategies for RAG and
fine-tuning to enhance complementary benefits, and de-
veloping hybrid evaluation metrics that combine BERT-
based similarity with qualitative safety performance indi-
cators.

AutoJSA demonstrates Al's transformative potential
in workplace safety management by enhancing hazard
identification, consequence ldentification, and control
measure generation. The framework paves the way
1304



toward fully automating JSA reports and ensuring safer
operational practices in complex industries.

DIGITAL SUPPLEMENTARY MATERIAL

The datasets, fine-tuning parameters, and all exper-
imental results in this study can be accessed via the fol-
lowing link:
https://cloud.tsinghua.edu.cn/d/f80c1ca00d694f7ea7f9/

ACKNOWLEDGEMENTS

This work was supported by the National Key R&D
Program of China under Grant 2024YFC3013600.

REFERENCES

1. Analysis JH, Lebowitz J. Essentials of job hazard
analysis. Chem Eng Prog 114:52-6 (2018).

2. Albrechtsen E, Solberg |, Svensli E. The application
and benefits of job safety analysis. Saf Sci
113:425-37 (2019).

3. GhasemiF, Doosti-Irani A, Aghaei H. Applications,
shortcomings, and new advances of job safety
analysis (JSA): findings from a systematic review.
Saf Health Work 14(2):153-62 (2023).

4. Swartz G. Job hazard analysis: A guide to
identifying risks in the workplace. Government
Institutes (2001).

5. Geronsin R. Job hazard assessment: a
comprehensive approach. Prof Saf 46(12):23
(2001).

6. Yoon K, Seo JM, Jang N, Oh SK, Shin D, Yoon ES.
A practical framework for mandatory job safety
analysis embedded in the permit-to-work system
and application to the gas industry. J Chem Eng
Jpn 44(12):976-88 (2011).

7. Palega M. Application of the job safety analysis
(JSA) method to assess occupational risk at the
workplace of the laser cutter operator. Manag Prod
Eng Rev 12(3) (2021).

8. Roughton J, Crutchfield N. Job Hazard Analysis: A
Guide for Voluntary Compliance and Beyond.
Butterworth-Heinemann (2015).

9. Zheng W, Shuai J, Shan K. The energy source-
based job safety analysis and application in the
project. Saf Sci 93:9-15 (2017).

10. Chi NW, Lin KY, Hsieh SH. Using ontology-based
text classification to assist job hazard analysis. Adv
Eng Informatics 28(4):381-94 (2014).

11. Namian M. Factors Affecting Construction Hazard
Recognition and Safety Risk Perception. North
Carolina State University (2017).

12. LiW, Cao Q, He M, Sun Y. Industrial non-routine
operation process risk assessment using job safety

Xu etal. / LAPSE:2025.0360

analysis (JSA) and a revised Petri net. Process Saf
Environ Prot 117:533-8 (2018).

13. Pandithawatta S, Ahn S, Rameezdeen R, Chow CW,
Gorjian N, Kim TW. Development of a knowledge
graph for automatic job hazard analysis: The
schema. Sensors 23(8):3893 (2023).

14. Zhang S, Boukamp F, Teizer J. Ontology-based
semantic modeling of construction safety
knowledge: towards automated safety planning for
job hazard analysis (JHA). Autom Constr 52:29-41
(2015).

15. Achiam J, Adler S, Agarwal S, Ahmad L, Akkaya |,
Aleman FL, ... McGrew B. GPT-4 technical report.
arXiv preprint arXiv:2303.08774 (2023).

16. Bernardi ML, Cimitile M, Pecori R. Automatic job
safety report generation using RAG-based LLMs.
In: 2024 International Joint Conference on Neural
Networks (IJCNN). Ed: IEEE (2024) p. 1-8.

17. Uddin SJ, Albert A, Ovid A, Alsharef A. Leveraging
ChatGPT to aid construction hazard recognition
and support safety education and training.
Sustainability 15(9):7121 (2023).

18. Kvale DK. Deep Learning in Construction Safety:
Quality Assessment, Hazard Identification, and
Preventive Measure Proposals in Job Safety
Analysis. NTNU (2023).

19. GLMT, Zeng A, Xu B, Wang B, Zhang C, Yin D, ...
Wang Z. ChatGLM: a family of large language
models from GLM-130B to GLM-4 all tools. arXiv
preprint arXiv:2406.12793 (2024).

20. Dodge J, llharco G, Schwartz R, Farhadi A,
Hajishirzi H, Smith N. Fine-tuning pretrained
language models: weight initializations, data
orders, and early stopping. arXiv preprint
arXiv:2002.06305 (2020).

21. White J, Fu Q, Hays S, Sandborn M, Olea C, Gilbert
H, ... Schmidt DC. A prompt pattern catalog to
enhance prompt engineering with ChatGPT. arXiv
preprint arXiv:2302.11382 (2023).

22. Lewis P, Perez E, Piktus A, Petroni F, Karpukhin V,
Goyal N, ... Kiela D. Retrieval-augmented
generation for knowledge-intensive NLP tasks. Adv
Neural Inf Process Syst 33:9459-74 (2020).

23. Devlin J. BERT: pre-training of deep bidirectional
transformers for language understanding. arXiv
preprint arXiv:1810.04805 (2018).

Syst Control Trans 4:1300-1305 (2025)

© 2025 by the authors. Licensed to PSEcommunity.org and PSE
Press. This is an open access article under the creative com-
mons CC-BY-SA licensing terms. Credit must be given to creator
and adaptations must be shared under the same terms. See
https://creativecommons.org/licenses/by-sa/4.0/

1305


https://cloud.tsinghua.edu.cn/d/f80c1ca00d694f7ea7f9/


<<

  /ASCII85EncodePages false

  /AllowTransparency false

  /AutoPositionEPSFiles true

  /AutoRotatePages /All

  /Binding /Left

  /CalGrayProfile (Dot Gain 20%)

  /CalRGBProfile (sRGB IEC61966-2.1)

  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)

  /sRGBProfile (sRGB IEC61966-2.1)

  /CannotEmbedFontPolicy /Warning

  /CompatibilityLevel 1.4

  /CompressObjects /Tags

  /CompressPages true

  /ConvertImagesToIndexed true

  /PassThroughJPEGImages true

  /CreateJobTicket false

  /DefaultRenderingIntent /Default

  /DetectBlends true

  /DetectCurves 0.0000

  /ColorConversionStrategy /LeaveColorUnchanged

  /DoThumbnails false

  /EmbedAllFonts true

  /EmbedOpenType false

  /ParseICCProfilesInComments true

  /EmbedJobOptions true

  /DSCReportingLevel 0

  /EmitDSCWarnings false

  /EndPage -1

  /ImageMemory 1048576

  /LockDistillerParams false

  /MaxSubsetPct 100

  /Optimize true

  /OPM 1

  /ParseDSCComments true

  /ParseDSCCommentsForDocInfo true

  /PreserveCopyPage true

  /PreserveDICMYKValues true

  /PreserveEPSInfo true

  /PreserveFlatness false

  /PreserveHalftoneInfo false

  /PreserveOPIComments false

  /PreserveOverprintSettings true

  /StartPage 1

  /SubsetFonts true

  /TransferFunctionInfo /Apply

  /UCRandBGInfo /Preserve

  /UsePrologue false

  /ColorSettingsFile ()

  /AlwaysEmbed [ true

  ]

  /NeverEmbed [ true

  ]

  /AntiAliasColorImages false

  /CropColorImages false

  /ColorImageMinResolution 300

  /ColorImageMinResolutionPolicy /OK

  /DownsampleColorImages true

  /ColorImageDownsampleType /Bicubic

  /ColorImageResolution 1013

  /ColorImageDepth 8

  /ColorImageMinDownsampleDepth 1

  /ColorImageDownsampleThreshold 1.50049

  /EncodeColorImages true

  /ColorImageFilter /FlateEncode

  /AutoFilterColorImages false

  /ColorImageAutoFilterStrategy /JPEG

  /ColorACSImageDict <<

    /QFactor 0.15

    /HSamples [1 1 1 1] /VSamples [1 1 1 1]

  >>

  /ColorImageDict <<

    /QFactor 0.15

    /HSamples [1 1 1 1] /VSamples [1 1 1 1]

  >>

  /JPEG2000ColorACSImageDict <<

    /TileWidth 256

    /TileHeight 256

    /Quality 30

  >>

  /JPEG2000ColorImageDict <<

    /TileWidth 256

    /TileHeight 256

    /Quality 30

  >>

  /AntiAliasGrayImages false

  /CropGrayImages false

  /GrayImageMinResolution 300

  /GrayImageMinResolutionPolicy /OK

  /DownsampleGrayImages true

  /GrayImageDownsampleType /Bicubic

  /GrayImageResolution 1013

  /GrayImageDepth 8

  /GrayImageMinDownsampleDepth 2

  /GrayImageDownsampleThreshold 1.50049

  /EncodeGrayImages true

  /GrayImageFilter /FlateEncode

  /AutoFilterGrayImages false

  /GrayImageAutoFilterStrategy /JPEG

  /GrayACSImageDict <<

    /QFactor 0.15

    /HSamples [1 1 1 1] /VSamples [1 1 1 1]

  >>

  /GrayImageDict <<

    /QFactor 0.15

    /HSamples [1 1 1 1] /VSamples [1 1 1 1]

  >>

  /JPEG2000GrayACSImageDict <<

    /TileWidth 256

    /TileHeight 256

    /Quality 30

  >>

  /JPEG2000GrayImageDict <<

    /TileWidth 256

    /TileHeight 256

    /Quality 30

  >>

  /AntiAliasMonoImages false

  /CropMonoImages false

  /MonoImageMinResolution 1200

  /MonoImageMinResolutionPolicy /OK

  /DownsampleMonoImages true

  /MonoImageDownsampleType /Bicubic

  /MonoImageResolution 1200

  /MonoImageDepth -1

  /MonoImageDownsampleThreshold 1.50000

  /EncodeMonoImages true

  /MonoImageFilter /CCITTFaxEncode

  /MonoImageDict <<

    /K -1

  >>

  /AllowPSXObjects false

  /CheckCompliance [

    /None

  ]

  /PDFX1aCheck false

  /PDFX3Check false

  /PDFXCompliantPDFOnly false

  /PDFXNoTrimBoxError true

  /PDFXTrimBoxToMediaBoxOffset [

    0.00000

    0.00000

    0.00000

    0.00000

  ]

  /PDFXSetBleedBoxToMediaBox true

  /PDFXBleedBoxToTrimBoxOffset [

    0.00000

    0.00000

    0.00000

    0.00000

  ]

  /PDFXOutputIntentProfile (None)

  /PDFXOutputConditionIdentifier ()

  /PDFXOutputCondition ()

  /PDFXRegistryName ()

  /PDFXTrapped /False



  /CreateJDFFile false

  /Description <<



    /BGR <>

    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>

    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>

    /CZE <>

    /DAN <>

    /DEU <>

    /ESP <>

    /ETI <>

    /FRA <>

    /GRE <>



    /HRV <>

    /HUN <>

    /ITA <>

    /JPN <>

    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>

    /LTH <>

    /LVI <>

    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)

    /NOR <>

    /POL <>

    /PTB <>

    /RUM <>

    /RUS <>

    /SKY <>

    /SLV <>

    /SUO <>

    /SVE <>

    /TUR <>

    /UKR <>

    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)

  >>

  /Namespace [

    (Adobe)

    (Common)

    (1.0)

  ]

  /OtherNamespaces [

    <<

      /AsReaderSpreads false

      /CropImagesToFrames true

      /ErrorControl /WarnAndContinue

      /FlattenerIgnoreSpreadOverrides false

      /IncludeGuidesGrids false

      /IncludeNonPrinting false

      /IncludeSlug false

      /Namespace [

        (Adobe)

        (InDesign)

        (4.0)

      ]

      /OmitPlacedBitmaps false

      /OmitPlacedEPS false

      /OmitPlacedPDF false

      /SimulateOverprint /Legacy

    >>

    <<

      /AddBleedMarks false

      /AddColorBars false

      /AddCropMarks false

      /AddPageInfo false

      /AddRegMarks false

      /BleedOffset [

        0

        0

        0

        0

      ]

      /ConvertColors /NoConversion

      /DestinationProfileName ()

      /DestinationProfileSelector /NA

      /Downsample16BitImages true

      /FlattenerPreset <<

        /PresetSelector /MediumResolution

      >>

      /FormElements false

      /GenerateStructure true

      /IncludeBookmarks false

      /IncludeHyperlinks false

      /IncludeInteractive false

      /IncludeLayers false

      /IncludeProfiles true

      /MarksOffset 6

      /MarksWeight 0.250000

      /MultimediaHandling /UseObjectSettings

      /Namespace [

        (Adobe)

        (CreativeSuite)

        (2.0)

      ]

      /PDFXOutputIntentProfileSelector /NA

      /PageMarksFile /RomanDefault

      /PreserveEditing true

      /UntaggedCMYKHandling /LeaveUntagged

      /UntaggedRGBHandling /LeaveUntagged

      /UseDocumentBleed false

    >>

    <<

      /AllowImageBreaks true

      /AllowTableBreaks true

      /ExpandPage false

      /HonorBaseURL true

      /HonorRolloverEffect false

      /IgnoreHTMLPageBreaks false

      /IncludeHeaderFooter false

      /MarginOffset [

        0

        0

        0

        0

      ]

      /MetadataAuthor ()

      /MetadataKeywords ()

      /MetadataSubject ()

      /MetadataTitle ()

      /MetricPageSize [

        0

        0

      ]

      /MetricUnit /inch

      /MobileCompatible 0

      /Namespace [

        (Adobe)

        (GoLive)

        (8.0)

      ]

      /OpenZoomToHTMLFontSize false

      /PageOrientation /Portrait

      /RemoveBackground false

      /ShrinkContent true

      /TreatColorsAs /MainMonitorColors

      /UseEmbeddedProfiles false

      /UseHTMLTitleAsMetadata true

    >>

  ]

>> setdistillerparams

<<

  /HWResolution [2400 2400]

  /PageSize [612.000 792.000]

>> setpagedevice



