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Introduction

I To be sustainable over the long run, growth has to be based
on increasing productivity.

I Learning by firms is a key source of productivity improvement.

I A primary task of industrial policy, done well, is to promote
learning.

I The $64,000 question: How?



Introduction (cont.)

I Traditional view:

I Some sectors inherently generate more learning than others.
I The learning is partly external. Firms under-invest on their

own.
I The government should subsidize/promote activities

generating learning externalities.

I Modern incarnation: Hidalgo, Klinger, Barabási and
Hausmann (2007) on monkeys and trees.



The Product Space (Hidalgo et al., 2007)
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Fig. 1. The product space. (A) Hierarchically clustered proximity (f) matrix
representing the 775 SITC-4 product classes exported in the 1998–2000
period. (B) Network representation of the product space. Links are color coded

with their proximity value. The sizes of the nodes are proportional to world
trade, and their colors are chosen according to the classification introduced by
Leamer.
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I Goods=trees, entrepreneurs=monkeys. “What trees you have
monkeys on today determines where your monkeys will be
tomorrow.”



Introduction (cont.)

I Both the traditional view and, arguably, the Hausmann et al
view see learning as a function of output in particular sectors.

I Policy implication: get a steel, or auto, or electronics, or [fill
in the blank] sector.

I Learning will happen pretty much automatically.

I This talk: I will review some recent research on the learning
process in firms and argue that the above view is too simple.

I Learning is not automatic, and we need to think carefully about
the circumstances under which it occurs and fails to occur.
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Hence, we are able to cleanly measure output in physical units (as opposed to rev-
enue or bundles of products). Second, capital is also well defined: the melt shop 
used the same furnace throughout the sample period, meaning that capital, and thus 
capacity, remained fixed. Third, while labor quality and heterogeneity is typically a 
concern, the melt shop suffered almost no labor turnover, and kept working in three 
daily eight-hour shift, on a 24/7 basis, virtually throughout the entire sample period. 
Fourth, we were granted access to very detailed production and cost data (even daily 
input utilization and output for part of sample period) that enabled us to decompose 
the source of the productivity gain in an unusually detailed way.

Figure 1 shows the monthly average of the daily production of billets in tons over 
the sample period.1

Figure 1 displays several remarkable facts. First, the daily production of billets 
doubled in a span of almost 12 years. This is especially striking given that there were 
no major changes in production conditions. Second, while the steelmaker improved 
the furnace (though did not change its size) and introduced an incentive scheme for 
its employees, we do not spot jumps in output commensurate with discrete produc-
tion enhancements. Third, output growth is continuous, suggesting that a flow of 
small improvements to the production process took place. It appears as if small 
improvements, or “tweaks,” might be necessary to exploit the potential gains created 
by new equipment or practices, otherwise jumps would be observed.2

We propose a production function, at the heat level, which suggests a natural 
output decomposition. This decomposition shows that output increases, despite not 

1 We show the monthly average of the daily production level (rather than the monthly production levels) to 
eliminate fluctuations in total production levels from one month to another due to month length.

2 Indeed, the steelmaker’s management, as well as other experts we talked to, stressed that production involves 
many trade-offs, which require a lengthy trial and error process and tweaking in order to discover the optimal way 
to produce. See Section VII for some specific examples. The notion that “tweaking” existing technologies can be an 
important source of economic growth and technological progress is advanced in Meisenzahl and Mokyr (2012) who 
stress the importance of “tweakers” to explain the technological leadership of Britain during the Industrial Revolution.

Figure 1. Monthly Average of Daily Production  
of Billets in Tons, January 1997–September 2008
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I Hendel and Spiegel (2014): steel mini-mill doubled output
over 11 years with same capital and a familiar technology.

I Mostly not explained by observables.

I Their story: tweaking/experimentation by workforce.



But They Are Not Always Realized

III. THE MANAGEMENT INTERVENTION

III.A. Why Use Management Consulting as an Intervention?

The field experiment aimed to improve management practices
in the treatment plants (while keeping capital and labor inputs
constant) and measure the impact of doing so on firm performance.
To achieve this, we hired a management consultancy firm to work
with the plants as the easiest way to change plant-level manage-
ment rapidly. We selected the consulting firm using an open
tender. The winner was a large international management con-
sultancy that is headquartered in the United States and has
about 40,000 employees in India. The full-time team of (up to)
six consultants working on the project at any time all came from
the Mumbai office. These consultants were educated at leading
Indian business and engineering schools, and most of them had
prior experience working with U.S. and European multinationals.

Selecting a high-quality international consulting firm sub-
stantially increased the cost of the project.10 However, it meant

FIGURE IV

Most Plants Had Months of Excess Yarn, Usually Spread across Multiple
Locations, Often without Any Rigorous Storage System

10. At the bottom of the consulting quality distribution in India consultants are
cheap, but their quality is poor. At the top end, rates are similar to those in the
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I Bloom, Eifert, Mahajan, McKenzie and Roberts (2013):
Large, mature textile firms in India had not implemented basic
management practices (e.g. labelling inventory).



Intensive Consulting Can Help

manufacturing system of production, and in fact many U.S. auto-
motive plants saw reductions in defects of over 90% following the
adoption of lean production systems (see, for example, Womack,
Jones, and Roos 1990).

At the bottom of Table II we also present results from
our robustness checks: the Ibramigov-Mueller (IM) and per-
mutation tests. The results are consistent with a reduction in
quality defects. First, looking at the permutation tests that
have exact size, we see that the ITT is significant at the 5%
level (the p-value is .01). The IM approach that exploits asymp-
totics in T rather than N finds that the ITT results are consistent
with large improvements in quality though the confidence inter-
vals are wide.

Column (2) reports the results for inventory with a 21.7%
(= exp(–0.245) – 1) post-treatment reduction, and no significant
change during the implementation phase. Figure VII shows the

FIGURE VI

Quality Defects Index for the Treatment and Control Plants

Displays the average weekly quality defects index, which is a weighted
index of quality defects, so a higher score means lower quality. This is plotted
for the 14 treatment plants (plus signs) and the 6 control plants (diamonds).
Values normalized so both series have an average of 100 prior to the start of
the intervention. To obtain confidence intervals we bootstrapped the firms with
replacement 250 times. Note that seasonality due to Diwali and the wedding
season affects both groups of plants.

QUARTERLY JOURNAL OF ECONOMICS26

 at C
olum

bia U
niversity L

ibraries on January 16, 2013
http://qje.oxfordjournals.org/

D
ow

nloaded from
 

I But question remains: why hadn’t firms adopted basic
practices on their own?



Barrier to Learning: Organizational Frictions

I Atkin, Chaudhry, Chaudry, Khandelwal and Verhoogen (forth.)



Barrier to Learning: Organizational Frictions (cont.)

Standard “buckyball” design:
20 hexagons, 12 pentagons.

For standard ball, almost all
firms use 2-hexagon and 2-
pentagon “flush” dies.



Barrier to Learning: Organizational Frictions (cont.)

Hexagons tessellate. ∼ 8% of rexine wasted.



Barrier to Learning: Organizational Frictions (cont.)

Pentagons don’t. ∼ 20-24% of rexine wasted.



Barrier to Learning: Organizational Frictions (cont.)

In a YouTube video of a Chinese factory producing the Adidas
Jabulani ball, I noticed a different layout of pentagons.



Barrier to Learning: Organizational Frictions (cont.)

I could also have gone to: G. Kuperberg and W. Kuperberg,
“Double-Lattice Packings of Convex Bodies in the Plane,” Discrete
& Computational Geometry, 5: 389-397, 1990.

Double-Lattice Packings of Convex Bodies in the Plane 393 

inscribed in Ko, and the proof  is complete. However, it can be noticed now that 
the minimality of  the area of  q implies that the length of  one of the sides of  q 
actually equals one-half of  the length of  Ko in the direction of  that side. Therefore 
Ko actually touches a translate of  itself, and Case II is not possible at all. [] 

Remark 1. I f  K is not strictly convex, the conclusion of  the above theorem does 
not necessarily hold. However, in this case there exists a double-lattice packing 
with maximum density which is generated by a minimum-area extensive 
parallelogram inscribed in K. This can be obtained by approximating K with a 
sequence of  strictly convex bodies K,  and then selecting a convergent subsequence 
of  double-lattice packings. 

Remark 2. Theorem 1 and the above remark yield an algorithm for finding a 
maximum density double-lattice packing with copies of K which goes as follows. 
For any diameter d of K, find a pair of  chords parallel to d, each of length equal 
to one-half of  the length of d. These two chords define a parallelogram q(d) 
inscribed in K, which turns out to be extensive (see Lemma 1 of the following 
section). Now vary d and find a critical position of d = do such that q(do) is of 
minimum area. This minimum-area extensive parallelogram generates a maximum 
density double-lattice packing with copies of K. In general, locating the critical 
diameter do may be a problem, but in many special cases, as in the following 
examples, the diameter do is easy to find. 

Examples. An application of the algorithm described in Remark 2 to the case 
when K is a regular pentagon results in a double-lattice packing of density 
(5 -x /5 ) /3  =0.92131. . . ,  shown in Fig. 7. This packing may have the maximum 

Fig. 7. Maximum density double-lattice packing with regular pentagons. 



Barrier to Learning: Organizational Frictions (cont.)

Or the Wikipedia Pentagons page:

 
 
 

 



Barrier to Learning: Organizational Frictions (cont.)

Annalisa Guzzini (an architect, my wife) and I developed a
blueprint based on optimal packing.

I 44mm-edge pentagons: ∼250 with old die vs. 272 with ours.

I 43.5mm-edge pentagons: ∼258 vs. 280.



Barrier to Learning: Organizational Frictions (cont.)



Barrier to Learning: Organizational Frictions (cont.)

I Quick summary:

I We gave out the new dies to a random subset of firms.
I A few adopted, most did not.
I Cutters didn’t like the die.

I They are paid piece rates, with no incentive to reduce waste,
and the new die was slowing them down.

I They told owners it didn’t work.

I We did a second experiment.

I Offered bonus of one month’s pay to show owners that dies
work.

I Workers accepted and about 50% of affected firms adopted.

I Moral of the story: conflict of interest within the firm can
prevent adoption of a “no-brainer” technology.



Competition Can Raise Productivity Within Firms VOL. 5 NO. 1 DAS ETAL. : BACK ON THE RAILS 147

 Figure 1. Effect of Productivity Training on Output per Shift

 Notes: The figure is obtained by using kernel- weighted smoothing of shift-level observations.
 The bandwidth equals 66 days and was chosen automatically in Stata according to the "rule
 of thumb."

 null hypotheses of no contribution. The coefficients on executives and motivational
 training are very similar in magnitude to the previous specification in column 2 and
 remain statistically significant.

 Next, we compare the benefits of productivity training with its costs. We find
 that an extra day's productivity training for the brigade raises the output by 0.25
 blooms per shift. During the episode in which productivity training was concen-
 trated (June-July 2001), an average worker received 1.6 days of training. As there
 are roughly 66 workers on the floor in a rail shift, a total stock of training grew by
 106 days for an average working brigade. This translates into an output increase
 of 26 blooms per shift. Comparing this number to the increase in rail output that
 took place during the summer of 2001 (depicted in Figure 1), it is apparent that the
 productivity training played a major role. As it happened, this training episode coin-
 cided with the shutting down of the plant for maintenance and machinery replace-
 ment, thereby effectively reducing the opportunity cost, work time lost to training,
 to zero. However, even stopping the mill for the duration of this training program
 would result in negligible costs relative to the productivity gains. The amount of
 training administered could be completed in two days (six shifts), leading to approx-
 imately 160 X 6 = 960 blooms in forfeited output. Given the productivity improve-
 ment of 26 blooms per shift, it would take only 37 shifts of rail production (less
 than two weeks) for this investment to pay off. While we do not have figures for any
 other costs associated with the training, conversations with management suggest
 that these were not large.

 Taken together, our explanatory variables account for most of the output change.
 The coefficient on executive labor is significant and there are roughly 0.5 more
 executives on the floor by the first quarter of 2003, which raises the output by about

This content downloaded from 128.59.222.107 on Sat, 25 Mar 2017 16:02:38 UTC
All use subject to http://about.jstor.org/terms

I Das, Krishna, Lychagin and Somanathan (2013): Bhilai Rail
Mill in India, owned by public-sector company, had monopoly.

I Private firm threatened to enter in Nov. 1999 and April 2001.



Exports Stimulate Quality Upgrading and Learning

I Atkin, Khandelwal and Osman (forth.) randomized initial
export contacts among Egyptian rug producers.



Exports ⇒ Quality Upgrading and Learning (cont.)
Table 7: Impact of Exporting on Quality Levels

Panel	A:	Quality	Metrics
ITT TOT
(1) (2)

Corners 2.98 1.11 *** 1.70 ***
(0.12) 			 (0.11) 			

Waviness 2.99 1.10 *** 1.68 ***
(0.12) 			 (0.10) 			

Weight 3.08 1.07 *** 1.63 ***
(0.11) 			 (0.11) 			

Touch 3.12 0.40 *** 0.66 ***
(0.06) 			 (0.07) 			

Packedness 3.11 0.89 *** 1.59 ***
(0.11) 			 (0.12) 			

Warp	Thread	Tightness 3.05 0.83 *** 1.49 ***
(0.10) 			 (0.12) 			

Firmness 2.98 0.87 *** 1.60 ***
(0.11) 			 (0.12) 			

Design	Accuracy 3.17 0.79 *** 1.41 ***
(0.10) 			 (0.12) 			

Warp	Thread	Packedness 3.05 1.07 *** 1.65 ***
(0.11) 			 (0.11) 			

Inputs 3.07 0.89 *** 1.62 ***
(0.10) 			 (0.12) 			

Loom 2.02 0.03 			 0.05 			
(0.02) 			 (0.04) 			

R-squared 0.44 0.60
Observations 6,885 6,885
Panel	B:	Stacked	Quality	Metrics

ITT TOT
(1) (2)

Stacked	Quality	Metrics 2.96 0.79 *** 1.35 ***
(0.09) 			 (0.08) 			

R-squared 0.39 0.54
Observations 6,885 6,885

Control	
Mean

Control		
Mean

Notes: Panel A stacks the quality metrics and interacts treatment (ITT) or takeup (TOT) with a quality-metric indicator variable. The coefficients on the
interactions provide the treatment effects seperately for each metric. The TOT instruments takeup interacted with quality metric with treatment interacted
with quality metric. Each regression includes baseline values of the quality metric, strata and round fixed effects, and each of these controls interacted with
quality-metric. Panel B constrains the treatment effects to be equal across quality metrics; these regressions include baseline values, strata and round fixed
effects.	Control	group	means	are	reported	in	levels.	Standard	errors	are	clustered	by	firm.	Significance	*	.10;	**	.05;	***	.01.	

Table 8: Impact of Exporting on Unadjusted Productivity

ITT TOT ITT TOT
(1) (2) (3) (4)

Treatment -0.24 *** -0.42 *** -0.28 *** -0.50 ***
(0.09) 			 (0.16) 			 (0.09) 			 (0.16) 			

R-squared 0.18 0.16 0.26 0.24
Control	Mean	(In	Levels) 0.26 0.26 0.49 0.49
Observations 687 687 674 674

Log	Unadjusted	TFP

Notes: Table reports treatment effects for the two productivity measures: log unadjusted output per labor hour (in m2/hour) and log unadjusted TFP. See text and
Appendix A for the methodology used to obtain unadjusted TFP. The TOT specifications instrument takeup with treatment. Control group means are reported in
levels.	Regressions	control	for	baseline	values	of	the	variable,	round	and	strata	fixed	effects.	Standard	errors	are	clustered	by	firm.	Significance	*	.10;	**	.05;	***	.01.	

Log	Unadjusted	Output	Per	Hour

40

I The initial contacts led firms to improve quality on various
dimensions (consistent with previous quasi-experimental
research).



Exports ⇒ Quality Upgrading and Learning (cont.)

Table 10: Quality and Productivity on Identical-Specification Domestic Rugs (Step 2)

Panel	A:	Quality	Metrics

ITT TOT ITT TOT
(1A) (1B) (2A) (2B)

Corners 3.23 0.72 *** 1.05 *** 3.31 0.29 **	 0.43 **	
(0.14) 			 (0.17) 			 (0.13) 			 (0.18) 			

Waviness 3.17 0.55 *** 0.80 *** 3.31 0.25 **	 0.36 **	
(0.14) 			 (0.18) 			 (0.12) 			 (0.16) 			

Weight 3.60 0.62 *** 0.91 *** 3.64 0.58 *** 0.86 ***
(0.13) 			 (0.16) 			 (0.17) 			 (0.25) 			

Packedness 3.30 0.77 *** 1.14 *** 3.28 0.28 **	 0.42 ***
(0.13) 			 (0.15) 			 (0.11) 			 (0.15) 			

Touch 3.29 0.52 *** 0.76 *** 3.27 0.36 *** 0.52 ***
(0.11) 			 (0.14) 			 (0.12) 			 (0.16) 			

Warp	Thread	Tightness 3.00 0.51 *** 0.74 *** 3.30 0.25 **	 0.36 **	
(0.09) 			 (0.11) 			 (0.12) 			 (0.16) 			

Firmness 3.21 0.71 *** 1.04 *** 3.23 0.29 **	 0.43 ***
(0.14) 			 (0.17) 			 (0.12) 			 (0.16) 			

Design	Accuracy 3.65 0.53 *** 0.77 *** 3.45 0.27 **	 0.40 ***
(0.11) 			 (0.15) 			 (0.11) 			 (0.15) 			

Warp	Thread	Packedness 3.05 0.87 *** 1.28 *** 3.20 0.39 *** 0.58 ***
(0.14) 			 (0.17) 			 (0.12) 			 (0.16) 			

R-squared 0.21 			 0.34 			 0.11 			 0.14 			
Observations 1,680 			 1,680 			 1,667 			 1,667 			

Panel	B:	Stacked	Quality	Metrics	

ITT TOT ITT TOT
(1A) (1B) (2A) (2B)

Stacked	Quality	Metric 3.28 0.64 *** 0.94 *** 3.33 0.33 *** 0.48 ***
(0.10) 			 (0.12) 			 (0.10) 			 (0.13) 			

R-squared 0.19 			 0.32 			 0.09 			 0.13
Observations 1,680 			 1,680 			 1,667 			 1,667 			

Panel	C:	Objective	Metrics

ITT TOT
(1A) (1B)

Length	Accuracy -4.51 1.43 *** 2.09 ***
(0.51) 			 (0.71) 			

Width	Accuracy -2.29 0.17 			 0.25 			
(0.29) 			 (0.41) 			

Weight	Accuracy -221.0 89.1 *** 131.0 ***
(20.3) 			 (29.6) 			

Time	(in	minutes) 247.0 -5.67 			 -8.3 			
(6.6) 			 (9.5) 			

R-squared 0.84 			 0.84 			
Observations 748 			 748 			

Master	Artisan Professor	

Master	Artisan Professor	

Notes: Table reports ITT and TOT specifications using the 9 quality metrics from the quality lab. Panel A stacks the quality metrics and interacts treatment (ITT) or
takeup (TOT) with a quality-metric indicator variable. The coefficients on the interactions provide the treatment effects seperately for each metric. The TOT
instruments takeup (interacted with quality metric) with treatment (also interacted with quality metric). Panel B constrains the treatment effects to be equal
across quality metrics. Columns 1A and 1B report scores from the master artisan. Columns 2A and 2B report scores from the Professor of Handicraft Science at
Domietta University. Panel C reports objective accuracy measures which are calculated as the negative of the absolute error for that specification, so that a
higher value indicates that the manufactured rug was closer to intended length (140 cm), width (70 cm) and weight (1750 g). It also includes the time spent to
produce the rug in minutes. As in Panel A, these are run in a single regression by intereacting the objective measure with treatment or takeup. All regressions
include	interactions	of	strata	fixed	effects	with	quality-metric	indicators,	and	standard	errors	are	clustered	by	firm.	Significance	*	.10;	**	.05;	***	.01.	

Control		
Mean

Control		
Mean

Control		
Mean

Control		
Mean

Control		
Mean
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I The treated firms had better performance than control firms
even for identical-specification rugs. Productivity improved.



Summary

I Learning is not automatic!

I Just hosting a sector/activity should not be the goal of
industrial policy.

I Factors that appear to support learning in firms:
I Labor “contracts” that encourage information-sharing.

I Not clear how policy can bring these about, unfortunately.

I Competition.

I Could be in domestic market, from imports, or on export
market.

I Exporting.

I Exposure to demanding rich-country consumers seems to
stimulate productivity improvements as well as quality
upgrading.
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