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• OAC – is Oracle cloud-based platform that helps users analyze their data

• Semantic model is a metadata model that contains three layers: physical, 

logical  and presentation. A semantic model is designed to present data for 

analysis according to the structure of the business.

• Well-designed semantic model meets the business requirements of the 

stakeholders simplifying of the underlying data structure. 

• Sematic Model can be created and modified in GUI or using JSON-based 

markup language  SMML language. 

What is Semantic Model in OAC?



?

What is Semantic Model in OAC?



Semantic Model is a replacement for OBIEE Repository

?



What are Star Schema, Fact, and Dimension?

• The Star Schema consists of one or more fact tables referencing any number of dimension tables. 

• Fact tables record measurements or metrics for a specific event. Fact tables generally consist of numeric 

values, and foreign keys to dimensional data where descriptive information is kept. 

• Dimension tables usually have a relatively small number of records compared to fact tables, but each 

record may have a very large number of attributes to describe the fact data. 



• Analyse 9 Tables and identify facts and dimensions

• Create Physical Tables and Aliases

• Create a Logical Model, define measures, and give business/ 
human-readable names for columns

• Create Subject Area at the Presentation level

How would you estimate the efforts for design ?



• Creating SM is time consuming (8-16 hours per one star)

• It demands both experience and expertise

• LLMs can work with SQL, JSON, XML

• As a test case I used  SH (Sales History)sample schema

• I decided use Chat GPT and DeepSeek for the research

What is the challenge with OAC SM and why we need AI ?



Steps for the Semantic Model Design

7.Zip and Upload Sematic Model into OAC

6.Generating Json for Presentation tables

5.Generating Json for Logical tables

4.Generating Aliases

3.Generating Json for Physical Tables

2.Fact/Dimensions classification

1.Extract metadata for analysis (DDL, statistic, data samples)



1. Extract metadata for analysis 
(DDL, statistic, data samples)



• Extract DDL from the Database/DataWarehouse

• Extract Statistic for tables

• Extract Data Samples

1 Extracting the data



1 Extracting DDL from the Database



1 Extracting DDL from the Database



01 Extracting Statistic for Tables

OWNER TABLE_NAME NUM_ROWS AVG_ROW_LEN

SH CHANNELS 5 41

SH PROMOTIONS 503 98

SH CUSTOMERS 55500 189

SH SALES 918843 29

SH COUNTRIES 23 64

SH
SUPPLEMENTARY_DEM
OGRAPHICS 4500 153

SH PRODUCTS 72 173

SH TIMES 1826 198

SH COSTS 82112 26



select 'select * from '||OWNER||'.'||TABLE_NAME||' WHERE ROWNUM<11;'

from all_tab_statistics

where owner='SH';

select 

'select '||LISTAGG(COLUMN_NAME,',') WITHIN GROUP (ORDER BY COLUMN_ID)||' from 
'||OWNER||'.'||TABLE_NAME||' WHERE ROWNUM<11;'

from all_tab_columns 

where owner='SH'

group by owner,table_name

01 Extract Data Samples



• select PROD_ID,TIME_ID,PROMO_ID,CHANNEL_ID,UNIT_COST,UNIT_PRICE from SH.COSTS WHERE ROWNUM<11;

• select PROD_ID,CUST_ID,TIME_ID,CHANNEL_ID,PROMO_ID,QUANTITY_SOLD,AMOUNT_SOLD from SH.SALES WHERE ROWNUM<11;

• select 
TIME_ID,DAY_NAME,DAY_NUMBER_IN_WEEK,DAY_NUMBER_IN_MONTH,CALENDAR_WEEK_NUMBER,FISCAL_WEEK_NUMBER,WEEK_ENDING_DAY,WEEK_ENDING_DAY_ID,CALENDAR_M
ONTH_NUMBER,FISCAL_MONTH_NUMBER,CALENDAR_MONTH_DESC,CALENDAR_MONTH_ID,FISCAL_MONTH_DESC,FISCAL_MONTH_ID,DAYS_IN_CAL_MONTH,DAYS_IN_FIS_MONTH,END_
OF_CAL_MONTH,END_OF_FIS_MONTH,CALENDAR_MONTH_NAME,FISCAL_MONTH_NAME,CALENDAR_QUARTER_DESC,CALENDAR_QUARTER_ID,FISCAL_QUARTER_DESC,FISCAL_QUARTER
_ID,DAYS_IN_CAL_QUARTER,DAYS_IN_FIS_QUARTER,END_OF_CAL_QUARTER,END_OF_FIS_QUARTER,CALENDAR_QUARTER_NUMBER,FISCAL_QUARTER_NUMBER,CALENDAR_YEAR,CALEN
DAR_YEAR_ID,FISCAL_YEAR,FISCAL_YEAR_ID,DAYS_IN_CAL_YEAR,DAYS_IN_FIS_YEAR,END_OF_CAL_YEAR,END_OF_FIS_YEAR from SH.TIMES WHERE ROWNUM<11;

• select CHANNEL_ID,CHANNEL_DESC,CHANNEL_CLASS,CHANNEL_CLASS_ID,CHANNEL_TOTAL,CHANNEL_TOTAL_ID from SH.CHANNELS WHERE ROWNUM<11;

• select 
PROD_ID,PROD_NAME,PROD_DESC,PROD_SUBCATEGORY,PROD_SUBCATEGORY_ID,PROD_SUBCATEGORY_DESC,PROD_CATEGORY,PROD_CATEGORY_ID,PROD_CATEGORY_DESC,PROD_WEI
GHT_CLASS,PROD_UNIT_OF_MEASURE,PROD_PACK_SIZE,SUPPLIER_ID,PROD_STATUS,PROD_LIST_PRICE,PROD_MIN_PRICE,PROD_TOTAL,PROD_TOTAL_ID,PROD_SRC_ID,PROD_EFF_FROM,
PROD_EFF_TO,PROD_VALID from SH.PRODUCTS WHERE ROWNUM<11;

• select 
COUNTRY_ID,COUNTRY_ISO_CODE,COUNTRY_NAME,COUNTRY_SUBREGION,COUNTRY_SUBREGION_ID,COUNTRY_REGION,COUNTRY_REGION_ID,COUNTRY_TOTAL,COUNTRY_TOTAL_ID,CO
UNTRY_NAME_HIST from SH.COUNTRIES WHERE ROWNUM<11;

• select 
CUST_ID,CUST_FIRST_NAME,CUST_LAST_NAME,CUST_GENDER,CUST_YEAR_OF_BIRTH,CUST_MARITAL_STATUS,CUST_STREET_ADDRESS,CUST_POSTAL_CODE,CUST_CITY,CUST_CITY_ID,CUS
T_STATE_PROVINCE,CUST_STATE_PROVINCE_ID,COUNTRY_ID,CUST_MAIN_PHONE_NUMBER,CUST_INCOME_LEVEL,CUST_CREDIT_LIMIT,CUST_EMAIL,CUST_TOTAL,CUST_TOTAL_ID,CUST_S
RC_ID,CUST_EFF_FROM,CUST_EFF_TO,CUST_VALID from SH.CUSTOMERS WHERE ROWNUM<11;

• select 
PROMO_ID,PROMO_NAME,PROMO_SUBCATEGORY,PROMO_SUBCATEGORY_ID,PROMO_CATEGORY,PROMO_CATEGORY_ID,PROMO_COST,PROMO_BEGIN_DATE,PROMO_END_DATE,PRO
MO_TOTAL,PROMO_TOTAL_ID from SH.PROMOTIONS WHERE ROWNUM<11;

• select 
CUST_ID,EDUCATION,OCCUPATION,HOUSEHOLD_SIZE,YRS_RESIDENCE,AFFINITY_CARD,BULK_PACK_DISKETTES,FLAT_PANEL_MONITOR,HOME_THEATER_PACKAGE,BOOKKEEPING_APPLICAT
ION,PRINTER_SUPPLIES,Y_BOX_GAMES,OS_DOC_SET_KANJI,COMMENTS from SH.SUPPLEMENTARY_DEMOGRAPHICS WHERE ROWNUM<11;

01 Extract Data Samples



01 Extract Data Samples



2.Fact/Dimensions classification



• I'll give you the list of the tables and you need to identify the type of the table, show it to me and remember it.

• It will be needed on the further steps. 

• There are two types of tables: fact or dimension.

• Please use the following rules to identify the type od the table:

• 1.If the number of rows in the table is significantly more rows than others it is most likely a fact.

• 2.If a table is referenced by other tables, then it is most likely a dimension.

• 3.if a table references other tables, but is not referenced by others, then most likely this is a fact.

• 4.If table have columns like SUM, AMOUNT, Quantity , QTY, TIME, VALUE, COUNT then most likely this is a fact.

• Information about number of records:

• …

• DDL:

• …

2.Fact/Dimension classification: Prompt (DeepSeek)

?



Based on the provided information, I will classify each table as either a fact or a dimension using the rules you provided. Here's the classification:

Fact Tables

1. SALES

• Reason:

• It has the largest number of rows (918,843).

• It references other tables (e.g., PRODUCTS, CUSTOMERS, TIMES, CHANNELS, PROMOTIONS).

• It contains columns like QUANTITY_SOLD and AMOUNT_SOLD, which are typical of fact tables.

2. COSTS

• Reason:

• It has a significant number of rows (82,112).

• It references other tables (e.g., PRODUCTS, TIMES, CHANNELS, PROMOTIONS).

• It contains columns like UNIT_COST and UNIT_PRICE, which are typical of fact tables.

2. Fact/Dimension classification: Response (DeepSeek)



Dimension Tables

• 1.CHANNELS

• Reason:

• It has a small number of rows (5).

• It is referenced by other tables 

(e.g., SALES, COSTS).

• 2.PROMOTIONS

• Reason:

• It has a moderate number of rows (503).

• It is referenced by other tables 

(e.g., SALES, COSTS).

2. Fact/Dimension classification: Response (DeepSeek)

• 3.CUSTOMERS

• Reason:

• It has a moderate number of rows (55,500).

• It is referenced by other tables (e.g., SALES).

• 4.COUNTRIES

• Reason:

• It has a small number of rows (23).

• It is referenced by other tables 

(e.g., CUSTOMERS).



• 5. SUPPLEMENTARY_DEMOGRAPHICS

• Reason:

• It has a moderate number of rows (4,500).

• It is referenced by other tables (e.g., CUSTOMERS).

• 6. PRODUCTS

• Reason:

• It has a small number of rows (72).

• It is referenced by other tables (e.g., SALES, COSTS).

• 7. TIMES

• Reason:

• It has a moderate number of rows (1,826).

• It is referenced by other tables (e.g., SALES, COSTS).

2. Fact/Dimension classification: Response (DeepSeek)



2. Fact/Dimension classification: Response (DeepSeek)



3.Generating Json for Physical Tables



3.1.Generating Json for Physical Tables - Prompt



3.1.Generating Json for Physical Tables - Response



4.Generating Aliases



4. Generate aliases json for Physical tables: Response



4. Generate aliases json for Physical tables: Response



4. Generate aliases json for Physical tables: Response

In the following prompts, I'll send you the JSON filenames representing physical tables. For each, you'll have to return me the alias 
JSON for the corresponding table that will reference the initial physical table JSON and have joins with the other tables. As you join, 
join aliases not tables. Use INNER joins. Do not use LEFT joins unless explicitly stated. Confirm that you understood the assignment. 
Your responses for the following prompts should not contain anything but a JSON.
Example. If I give you the "DIM_CUSTOMERS" table name, you should generate the following JSON alias:

{
    "physicalTable": {
      "name": "DIM_CUSTOMERS",
      "sourceTable": "physicalTable:DWH.Sample.SH.CUSTOMERS",
      "overrideSourceCacheSetting": false,
      "joins": [
        {
          "rightTable": "physicalTable:DWH.Sample.SH.DIM_COUNTRIES",
          "useJoinExpression": false,
          "joinConditions": [
            {
              "leftColumn": "physicalColumn:DWH.Sample.SH.DIM_CUSTOMERS.COUNTRY_ID",
              "rightColumn": "physicalColumn:DWH.Sample.SH.DIM_COUNTRIES.COUNTRY_ID"
            }
          ],
          "joinType": "LEFT",
          "cardinality": "MANY_TO_ONE"
        }
      ]
    }
}



4. Generate aliases json for Physical tables: Response



5.Generating Json for Logical tables



In the following prompts, for each alias, I'll need you to generate logical jsons using physical jsons that you have done before for all physical aliases that 
example, done before.

Please use the examples below.

Use INNER joins for tables. Do not use LEFT joins unless explicitly stated.

Please capitalize Table names and column names and replace underscores with space.

Make all the columns names (except IDs) in Init Cap, ensuring the first letter of every word is capitalized while other letters are not.

There are three types of columns in the tables: "measures", "attributes" and "keys".

"measures" represent quantitative data that can be aggregated like sales figures or total region, and it is usually numeric or decimal type.

"attributes" are descriptive characteristics like product category or example, and it is usually varchar or varchar2 or char type.

"keys" are identifiers used to link different data tables together and it is usually numeric, integer or GUID type and has suffix ID.

For Dimension Tables please add hierarchy Type.

For Fact tables please add SUM aggregation for measures. You can identify measures using definition above.

Please pull the information "description" for each column from the comment in the DDL SQL for this column.

For example, for column PROD_MIN_PRICE add description "product minimum price" because of "COMMENT ON COLUMN 
"SH"."PRODUCTS"."PROD_MIN_PRICE" IS 'product minimum price’;”

Example for Fact Table "COSTS":

5. Chat GPT: Generate json for logical tables: Prompt



5. Chat GPT: Generate json for logical tables: Response



6.Generating Json for Presentation tables



In the following prompts, for each logical table, please generate presentation json.

Please use the examples below.

Make all the columns names in Init Cap, ensuring the first letter of every word is capitalized while other letters are not.

Recall, that there are three types of columns in the tables: "measures", "attributes" and "keys".

"measures" represent quantitative data that can be aggregated like sales figures or total count and it is usually numeric or decimal type.

"attributes" are descriptive characteristics like product category or region and it is usually varchar or varchar2 or char type.

"keys" are identifiers used to link different data tables together and it is usually numeric, integer or GUID type and has suffix ID.

In other words, copy everything from the logical tables but remove all the ids.

Please add into presentation json only attributes and measures and exclude keys

Example:

{

  "presentationTable" : {

    "name" : "Fact Sales",

    "presentationColumns" : [ {

      "name" : "Quantity Sold",

      "sourceLogicalColumn" : "logicalColumn:Sales History.Fact Sales.Quantity Sold"

    }, {

      "name" : "Amount Sold",

      "description" : "invoiced amount to the customer",

      "sourceLogicalColumn" : "logicalColumn:Sales History.Fact Sales.Amount Sold"

    } ]

  }

}

6. Chat GPT:Generate json for presentation tables:Prompt



6. Chat GPT: Generate json for presentation tables:Response



7.Zip and Upload Sematic Model into OAC



7 Upload data into OAC



7 Upload data into OAC



7 Upload data into OAC



7 Upload data into OAC



8. Automation work with Chat GPT using REST API



• Automation using Python

• Chan GPT helped to write the Python script

• 7 steps – 7 function in Python

• All Prompts are in txt files

• All DDL are in sql files

• 1.581 ML Input tokens + 95k Output tokens

• Cost of one run on o3-mini is $1.36 

• 15 minutes instead of ~1 hour manual work

8.  Automation using Chat GPT Open API – Main Steps



• OpenAI o3-mini shown better results than GPT-4o mini

• It used STRING type instead of VARCHAR. I had to modify the prompt

• It used Left join for joins and OAC did not load such joins. I added 

explicit instructions to use INNER

• It did not understand the Capitalization instruction and I had to add 

the  description of Init Cap explicitly

• After all those correction I was able to get uploadable semantic 

model

8. Chat GPT API - Solved challenges



8.  Automation using Chat GPT Open API – Main Steps



8.  Automation using Chat GPT Open API – Input Data



8.Automation using Chat GPT Open API – Promp Fact/Dim



10. Comparing Chat GPT and Deep Seek

▪ Free GUI version is not enough, but $20 
subscription works decently and it is better 
than free DeepSeek

▪ Chat GPT has internal storage, but it has 
limitations and not stable

▪ You have multiple model 

▪ GPT o3-mini better then GPT4o

▪ API pay as you go and works smoothly 

▪ Good price/quality ratio

• Free GUI – works decently and better than 
free Chat GPT

• Only one model

• Does not have internal storage 

• API pay as you go

• API not so smooth as Chat GPT

• Concerns about data protection

Chat GPT DeepSeek



• It was proved that SM can be generated using GUI Chat GPT and DeepSeek

• Generating SM using GUI AI takes 1 h instead of 8-16 hours and can be 

performed even by junior developer

• It was proved that SM can be generated using Chat GPT API

• Generating SM using API takes 15 minutes comparing with 8-16 hours 

manual work.

• SM may be not ideal, but it covers 80% of the manual work and can be 

improved after generation

Summary



Q&A



Thank you!

kozhernevskiy@dataintensity.com
www.dataintensity.com



Appendix



Appendix 1. DeepSeek does not have internal storage



Appendix 1. DeepSeek does not have internal storage



Appendix 2.Chat GPT: Internal Storage
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Appendix 2.Chat GPT: Internal Storage



Appendix 2.Chat GPT: Internal Storage



Please analyze all DDL scripts in .sql files in your internal storage folder "/SemanticModel/InputData/DDL" and table statistics 
below.

All those files represent the list of tables, and you need to identify the type of each table, show it to me, and remember it.

It will be needed on the further steps.

There are two types of tables: fact and dimension.

Please use the following rules to identify the type of the table:

1. If the number of rows in the table is significantly more rows than others it is most likely a fact.

2. If a table is referenced by other tables, then it is most likely a dimension.

3. if a table references other tables, but is not referenced by others, then most likely this is a fact.

4. If the table has columns like SUM, AMOUNT, Quantity, QTY, TIME, VALUE, and COUNT then most likely this is a fact.

Information about the number of records:

Appendix 2.Chat GPT: Internal Storage



Appendix 2.Chat GPT: Internal Storage
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