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1 Introduction

In recent years several German large-scale panel studies demonstrated the demand for the
coding of open-ended survey questions on respondents’ occupations (e. g. the National Ed-
ucation Panel Study (NEPS), the German Socio-Economic Panel (SOEP), and the Panel Study
“Labour Market and Social Security” (PASS)). So far occupational coding in Germany is mostly
done semi-automatically, employing dictionary approaches with subsequent manual coding of
cases which could not be coded automatically.

Since the manual coding of occupations generates considerably higher costs than automatic
coding, it is highly desirable from a survey cost perspective to increase the proportion of coding
that can be done automatically. At the same time the quality of the coding is of paramount
importance calling for close scrutiny. The quality of the automatic coding must at least match
that of the manual coding if survey cost is not to be traded for survey error. From a total survey
error perspective this would free resources formerly spent on the reduction of processing error
and o�er the opportunity of employing those resources to reduce other error sources.

In contrast to dictionary approaches, which are mainly used for automatic occupational cod-
ing in German surveys, we employ two machine learning algorithms (i. e. Naive Bayes and
Bayesian Multinomial) for the task. Since we have a substantial amount of manually coded
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occupations from recent studies at our disposal we use these as training data for the automatic
classi�cation. This enables us to evaluate the performance as well as the quality—and hence
the feasibility—of machine learning algorithms for the task of automatic coding of open-ended
survey questions on occupations.

2 Algorithms

So far machine learning algorithms have only been applied for occupation coding by a few
institutions (see e. g. Thompson, Kornbau, and Vesely 2012). The approach we use here has
been implemented by Schierholz (2014) using two survey datasets collected by the German
Institute for Employment Research (IAB).

The task of coding open-ended survey questions on respondents’ occupations using an au-
tomated machine learning approach can be loosely described by the following three step pro-
cedure:

1. Find prior category assignments in the training data for each case in the data to be coded
based on the text string from the open-ended survey question qi and possibly additional
covariates xi

2. Estimate correctness probabilities P̂cor for every occupation category cj given the infor-
mation in the training data:

P̂cor(cj |qi, xi) (1)

3. Assign one (or more) categories to each case based on the correctness probabilities

The �rst algorithm used is based on the well-known Naive Bayes (NB) approach:

P̂cor(cj |qi, xi) ∝ P̂ (cj)× P̂ (xi|cj)× P̂ (qi|cj)

∝ P̂ (cj)× P̂ (xi|cj)×
V∏

v=1

(0.95P̂ (Tv|cj) + (1− 0.95)P̂ (Tv))
wiv (2)

All estimations P̂ in the formulas above are calculated as relative frequencies from the train-
ing data. The �rst formula is derived from Bayes’ theorem and the doubtful, "naive" assumption
that covariates X and text strings Q are stochastically independent given target categories cj .
Because exact matches to verbatim answers are often not found in the training data, strings
qi are split into multiple words Tv . P̂ (qi|cj) is then calculated as the product of estimated
probabilities that a term Tv is used by a respondent if category cj is correct.
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The other algorithm is based on a conjugate Bayesian analysis to the multinomial distribu-
tion (BMN). The posteriori expectation then evaluates to

P̂cor(cj |qi) = (1− ω)P̂ (cj) + ωP̂ (cj |qi) (3)

Hereby, P̂cor is a weighted mean of the relative frequency for each category and the relative
frequency of the category given that the exact same answer was given in the training data.
Weights ω are larger when the answer qi appears more often in the training data:

ω =
#{qi}

#{qi}+ 0.5
(4)

A major di�culty for automatic coding is the fact that most jobs are rare in the population
and many di�erent verbatim formulations are possible to specify the same job code. Conse-
quently, the ML-estimator P̂ (cj |qi) =

#{cj ,qi}
#{cj} will be equal to one if the answer qi appears

only a single time in the training set. This is obviously not desired because if it were true
we would code every answer qi into category cj . BMN adresses this by downweighting the
ML-estimator to a more reasonable value.

A weighted averaged is also included in the NB formula, but weights are not a function of
term frequencies Tv and the desired downweighting is not done well. An advantage of NB is
instead that answers qi are split into words#{Tv}which makes it possible to predict categories
when no exact matching answers are found. More detailed descriptions about these algorithms
can be found in Schierholz (2014).

3 Data

The key ingredient to good machine learning results is a large amount of high quality data.
For the analyses conducted here we use data from the German National Education Panel Study
(NEPS; Blossfeld, Roßbach, and Maurice 2011). The data consist of coded answers from diverse
open-ended questions on occupations and occupational aspirations in all starting cohorts of the
NEPS. Coding was conducted using the recently updated German “Klassi�kation der Berufe
2010” (KldB2010; Bundesagentur für Arbeit 2011). So far the coding process makes extensive
use of dictionaries and automated suggestion systems developed at the NEPS Research Data
Center:

All open-ended answers were coded manually. But humans coders were supported with
computer generated suggestions derived from previously coded material from previous waves,
the o�cial classi�cation terms and key words delivered by the Federal Employment Agency
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(BA). In cases of nearly identical strings only one suggestion has been presented. In a second
loop an expert supervisor proved the results. The manual steps are supported by the search
engine capabilities of the German Federal Employment Agency. Despite of the computer driven
suggestion system the whole process still relies on manual coding and proving to ensure high
data quality. (Munz, Wenzig, and Bela forthcoming)

This data from the NEPS with more than 300.000 already coded answers are an ideal source
for training data (where one uses the coded results as input information for the algorithms)
and test data (where the existing codes are used to check the results of the coding algorithms).

4 Preliminary Results

In order to compare classi�cation performance we ran both algorithms on subsets of the train-
ing data with varying sample sizes. Figure 1 shows the results for both algorithms using 300,000
cases in the training data and a sample of 7,500 cases as the test data to be coded.1

The x-axis indicates the production rate meaning the percentage of the test cases that were
assigned automatically. For these production rates the corresponding cumulative agreement

rates are plotted on the y-axis. The cumulative agreement rates represent the percentage of
correctly coded cases, meaning that the automatic classi�cation of the algorithm and the man-
ual classi�cation according to the training data are in agreement. The agreement is expected
to drop with an increasing production rate. This is due to the algorithm coding easy cases—
meaning those with high correctness probabilities for any of the classes—�rst. Increasing the
production rate then forces the algorithm to also classify cases with more uncertainty and
hence increases the amount of classi�cation error.

Regarding high quality classi�cation the BMN approach delivers considerably better results.
At 50 % production rates the agreement rate for BMN is about 94 % and a little under 90 % for
NB. Up to a production rate of about 80 % BMN performs better than the NB algorithm. At this
point both algorithms provide an agreement rate of approx. 83 %. At higher production rates
NB performs a little better giving an agreement rate of about 73 % compared to only 68 % for
BMN. While the agreement rates are generally lower for smaller training datasets, the relative
performance of the two algorithm is very similar across all sample sizes.

It is often not the level of agreement at a certain production rate that is of interest for the
evaluation of the coding algorithm, but rather the production rate that could be achieved at a
�xed agreement rate. For the automatic coding of the American Community Survey (ACS) only
an agreement rate as high as 95 % is considered acceptable (Thompson, Kornbau, and Vesely

1At the moment this is the result for a single sample. Cross-validation checks are planned and will be reported in
the future.
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Figure 1: Production Rates
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Table 1: Production Rates

Fixed Agreement Rate

90 % 95 %

NTraining NB BMN NB BMN

25,000 0.5 51.5 0.3 36.4
50,000 0.9 55.6 0.1 38.1

100,000 1.1 60.2 0.3 41.9
300,000 4.9 67.4 3.1 45.8

NEPS data; NTest = 7,500
NB = Naive Bayes
BMN = Bayesian Multinomial

Table 2: Correlations: Status and Prestige Measures

ISEI–08 SIOPS-08 % valid

NTraining NB BMN NB BMN NB BMN

25,000 0.904 0.968 0.922 0.973 78 54
50,000 0.907 0.966 0.928 0.973 80 58

100,000 0.917 0.967 0.937 0.973 82 61
300,000 0.929 0.964 0.945 0.971 85 68

NEPS data; NTest = 7,500
NB = Naive Bayes
BMN = Bayesian Multinomial

2012). In table 1 we compare the performance of both algorithms at the 95 % and the—somewhat
gentler—90 % agreement level.

At both levels NB performs far worse than BMN. With production rates consistently under
5 % NB seems unusable for practical purposes. Although when looking at �gure 1 it seems that
slightly lower levels of �xed agreement rates would most likely yield acceptable production
rates.

Performance at the di�erent sample sizes develops as expected: larger datasets produce bet-
ter classi�cation results. Clearly, for practical applications sample sizes of the training data
should be in the high six digit range, at least for the scenario analysed here.2

For many applied research questions the correct occupation code is not the top priority. It
2Results for di�erent sample sizes of the test data to be coded were estimated, but since there was no considerable

variation they are not shown here.
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would often su�ce to have a reasonably precise account of a persons socio-economic status or
occupational prestige. The scales used for these purposes are often derived from the occupa-
tion code (e. g. ISEI or SIOPS derived from ISCO). Although occupations might di�er in many
aspects similar occupations often also provide similar levels of prestige or socio-economic sta-
tus. Therefore even cases where the automatic coding provided a wrong classi�cation may
produce correct status and prestige measures as long as the occupation code that was assigned
leads to the same ISEI or SIOPS score.

We assessed the quality of the ISEI and SIOPS measures for the automatic codings of both
algorithms by correlating the derived scores with those derived from the manual coding.3 NB
as well as BMN yielded quite good results with correlations ranging between 0.904 for NB at a
sample size of 25,000 up to 0.971 for BMN at 300,000 cases in the training data (see table 2).

Only cases that had a valid code in the manually and the automatically coded data where
used for the analysis. For BMN this meant considerably less cases than for NB and might
explain some of the advantage that BMN had over NB. The cases not coded by BMN would most
likely be cases with high uncertainty. Leaving these uncoded would mean less classi�cation
error among the coded cases and hence better correlations for the derived status and prestige
measures.

The quality improvement with increasing size of the training data sample is far less pro-
nounced than what was found for the agreement rates. For BMN it is even non-existent.

5 Conclusion & Further Research

From these preliminary results we would conclude that automatic coding of open-ended sur-
vey questions on occupations seems feasible, provided that you have a large enough sample
of high quality training data. Both algorithms perform acceptable although BMN has an ad-
vantage over NB when high �xed agreement rates (> 90 %) are desired. In cases where only
derived prestige and status scales are needed even smaller datasets might be su�cient to pro-
vide acceptable estimates.

We labeled our results “preliminary” for several reasons. First, we have to do more analy-
ses with data and algorithms discussed here in order to validate our results and check their
robustness. Therefore cross-validation checks will be one of the next tasks.

Secondly, the algorithms might be improved further. Apart from testing additional machine
learning algorithms (e. g. Random Forests or Support Vector Machines), we will try to optimize

3For these analyses we �rst recoded the KldB2010 codes of both the automatic and the manual coding to ISCO08.
This works reasonably well due to the KldB2010 being developed with the ISCO08 in mind. Then the ISCO08
codes were used to code the ISEI and SIOPS scales. A native ISCO08 coding would have been preferable but
was not available in the data.
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NB and MNB further. One idea is to incorporate distance measures (e. g. Levenshtein distance)
into the algorithms in order to make better use of the information in the training data. Further,
we will try to develop a sensible form of preprocessing of the data in order to get cleaner text
strings, which in turn should reduce the amount of noise in the data and lead to more precise
estimates of the correctness probabilities.

Lastly, one of the main long-term aims of the project is to develop a best practice for auto-
matic occupation coding which should then be applied to several large-scale surveys in Ger-
many.
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