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Abstract: The fruit-processing agroindustry plays a strategic role in reducing post-harvest losses and enhancing agricultural value creation in developing countries. 

However, small and medium-sized enterprises (SMEs) in

this sector face multidimensional operational challenges, necessitating a holistic and structural evaluation of their performance system rather than fragmented, financially oriented assessments. This study aimed to analyze the multidimensional performance and uncover the hierarchical interdependencies of performance indicators within fruit-processing agroindustry SMEs. The methodology employed a sequential mixed-method design integrating the balanced scorecard (BSC) and interpretive structural modeling (ISM) combined with cross-impact matrix multiplication applied to classification (MICMAC, from the French “matrice d’impacts croisés multiplication appliquée à un classement”) analysis. The framework evaluated two representative product typologies in Malang Raya, Indonesia: a dry-processing case (fruit chips) and a liquid-processing case (fruit juice). The comparative BSC

results revealed distinct performance profiles; the dry-processing case demonstrated stronger financial performance, whereas the liquid-processing case excelled in customer satisfaction and asset turnover. Concurrently, both typologies exhibited a significant drop in quality control, characterized by negative scores on the number of defective products, driven by scaling production volume over capacity boundaries. The ISM analysis structured these cross-perspective metrics into a robust nine-level hierarchy, identifying the number of machines as the ultimate foundational driver possessing the highest driving power (DP) of 17 and minimal dependence power (D). The MICMAC matrix further isolated eight independent driving variables, nine dependent outcome variables, and two autonomous variables, with no linkage variables present. These findings indicate that long-term enterprise competitiveness is structurally anchored to basic machinery availability and workforce competency development rather than downstream marketing actions. Theoretically, this study extends the BSC into a structurally informed paradigm by mapping structural influence pathways under resource constraints. Practically, it provides managers and extension institutions with a systematic diagnostic sequence to prioritize infrastructure investments over uniformly distributed improvement efforts. 

Keywords: Agroindustry small and medium-sized enterprises; Balanced scorecard; Fruit processing; Interpretive structural modeling; MICMAC analysis; Structural performance analysis 1 Introduction

Fruit-processing small and medium-sized enterprises (SMEs) operate under persistent managerial and operational constraints that require careful prioritization of limited financial, technological, and human resources. Managers must
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simultaneously address production performance, equipment-related constraints, product quality, workforce capability, customer requirements, and financial outcomes, while determining which improvement actions should be addressed first. These challenges are particularly important in fruit-processing operations, where differences in processing systems and product characteristics can create distinct requirements for production control, quality management, and resource allocation. Consequently, performance management in fruit-processing SMEs is not merely a matter of monitoring business outcomes, but also an engineering-management problem involving the allocation of constrained resources and the sequencing of improvement actions within an interconnected performance system [1–3]. Within the broader agri-food context, these enterprises also contribute to reducing post-harvest losses, extending product shelf life, increasing agricultural value creation, and strengthening linkages between primary production and downstream markets [4, 5]. 

Effective performance control under such conditions requires a multidimensional assessment rather than reliance on financial indicators alone [6, 7]. 

The operational sustainability of fruit-processing SMEs depends on the simultaneous achievement of financial performance, customer expectations, internal process effectiveness, and organizational learning and capability development [3, 8]. A weakness in one dimension may constrain improvement in another because organizational performance is shaped by interactions among multiple operational and managerial dimensions [9, 10]. 

For example, limitations in workforce capability may affect process consistency, while operational deficiencies may influence product quality and downstream business outcomes [8, 10]. Therefore, managers require a performance measurement framework that can identify strengths and weaknesses across multiple organizational dimensions and provide a systematic basis for allocating limited resources to priority areas [3, 8]. The balanced scorecard (BSC), which integrates financial, customer, internal business process, and learning and growth perspectives, provides an appropriate multidimensional foundation for such an assessment [11]. 

However, multidimensional measurement alone does not indicate how performance indicators are structurally related or which indicators should receive managerial attention earlier than others. Performance indicators may interact across organizational perspectives rather than operate as isolated measures [9, 12]. Treating indicators as independent can therefore obscure the structural relationships through which resource- and capability-related factors are associated with operational and performance outcomes [12, 13]. This limitation becomes particularly important when managers face resource constraints and must determine an appropriate sequence of improvement rather than attempting to address all performance indicators simultaneously [8, 14]. Structural analysis can complement performance measurement by identifying directional relationships among indicators and distinguishing relatively influential indicators from more dependent outcomes [13, 14]. Interpretive structural modeling (ISM) provides such a mechanism by organizing complex relationships among system elements into a hierarchical structure based on expert judgment [13, 15]. Despite the complementary potential of BSC and ISM, multidimensional performance measurement and structural interdependency analysis have largely been applied separately, particularly in agroindustry SMEs. This separation limits conventional performance assessment to identifying what performs well or poorly, without sufficiently explaining how indicators are structurally positioned or how managerial attention may be sequenced under resource constraints. 

To address this gap, this study integrates BSC and ISM in an exploratory two-case analysis of fruit-processing SMEs in Malang Raya, Indonesia. BSC is applied to assess case-specific performance profiles, while ISM provides a common expert-perceived structural reference for examining the hierarchical relationships among the selected performance indicators. The integration is intended to support structural interpretation and managerial sequencing rather than to establish causal relationships. Accordingly, this study addresses three research questions (RQs): RQ1: What performance patterns are observed across the BSC perspectives in the two-representative fruit-processing case SMEs? 

RQ2: How are the selected performance indicators hierarchically structured based on expert judgment? 

RQ3: How can the structurally influential indicators identified through ISM inform the sequencing of managerial attention in the two case SMEs? 

This study aims to develop an integrated performance evaluation framework that combines multidimensional performance assessment with structural analysis. 

The proposed framework extends conventional performance

evaluation by linking case-specific performance patterns with an expert-perceived hierarchy of indicator relationships. 

In doing so, the study contributes to performance measurement literature by advancing a structurally informed approach while providing managers with a more systematic basis for directing limited resources toward priority areas and supporting long-term performance improvement. 

2 Literature Review

2.1 Balanced Scorecard as a Multi-Perspective Performance Measurement Framework BSC originates from Kaplan and Norton [11], who developed it as a multi-perspective performance system integrating financial, customer, internal business process, and learning and growth perspectives to translate strategy into measurable indicators; a bibliometric review of over a thousand studies confirms that these four perspectives 462

remain central to BSC research more than three decades later, alongside growing extensions toward sustainability and integrated reporting [11]. 

This robustness is reflected in the framework’s sustained adoption well beyond its original corporate setting: systematic reviews document extensive BSC deployment in healthcare and mental health services, reporting measurable strategic-alignment benefits alongside consistent indicator clusters spanning clinical, staff, and governance dimensions, despite persistent implementation challenges [16, 17]. Within SMEs specifically, however, BSC adoption remains comparatively underexplored, with empirical evidence pointing to mixed outcomes: an investigation of SMEs in Francophone Africa found that adoption and implementation vary considerably, ranging from partial adoption of selected perspectives to full or adapted implementation shaped by organizational culture and socio-economic context, indicating that adoption barriers are not uniform across regions and that BSC-SME research to date remains geographically concentrated outside underexplored contexts such as Sub-Saharan Africa [18]. A further limitation, independent of organizational scale, concerns how the BSC treats key performance indicators (KPIs) once selected: the framework has been criticized for treating indicators as isolated metrics within their respective perspectives, overlooking the causal and structural interdependencies that shape leverage points and bottlenecks within performance systems [19, 20]. This motivates the integration of BSC with methods capable of explicitly mapping such interdependencies, as elaborated in the following section. 

2.2 Interpretive Structural Modeling for Structural Interdependency Analysis ISM originates from Warfield [15], who introduced it as a systematic methodology for structuring complex, poorly articulated problem systems into a multilevel hierarchical model. Through a structural self-interaction matrix (SSIM), reachability matrix construction, and iterative level partitioning, ISM transforms qualitative expert judgment into a rigorous representation of direct and indirect dependencies among a system’s elements [15]. Building on this foundation, one cluster of studies has paired ISM with performance or decision frameworks across the service and manufacturing sectors: Dahooie et al. [21] integrated BSC perspectives with ISM and the analytic network process in healthcare; Moores et al. [20] applied structural modeling within a BSC framework in the performing arts sector; and Tudose et al. [19] provided complementary evidence from the automotive sector that financial KPIs are interdependent rather than independent. Second, geographically broader clusters apply ISM directly to agri-food and agroindustry systems: within Indonesia, ISM has mapped institutional actors and sustainability strategies in the coffee agribusiness and agroindustry, and supply chain sustainability more broadly [22, 23], while governance-oriented applications in Brazilian agribusiness and a fuzzy-cross-impact matrix multiplication applied to classification (MICMAC, from the French “matrice d’impacts croisés multiplication appliquée à un classement”) model for the Peruvian kiwicha supply chain confirm that this is a globally transferable approach rather than a regionally isolated one [24, 25]. However, none of these agri-food applications incorporate a structured, multi-perspective performance framework analogous to the BSC. 

A third pattern emerges at the SME level, where ISM and BSC-adjacent frameworks have been applied separately rather than in combination: ISM has been used to rank the sustainability and Industry 4.0 adoption barriers SMEs face—factors closely paralleling BSC’s operational and learning-and-growth dimensions—while BSC-type assessments and related performance frameworks have been applied to SME automation projects, green supply chain practices, and food-processing innovation without connecting either method to the other [26–28]. Taken together, the literature reveals three parallel but disconnected streams: structural modeling paired with BSC outside the agroindustry, ISM applied within agri-food systems without a multi-perspective performance framework, and ISM

applied at the SME level without connecting it to BSC. Table 1 summarizes the positioning of these studies relative to the present research. 

2.3 Research Gap

As shown in Table 1, despite growing recognition that performance indicators are structurally interdependent rather than isolated, and despite ISM’s demonstrated value for mapping such interdependencies both within Indonesian agroindustry systems and at the SME level more broadly, no identified study integrates a multi-perspective performance measurement framework with structural interdependency modeling specifically for fruit-processing agroindustry SMEs. Existing integrative efforts combining performance measurement with structural modeling are confined to sectors outside the agroindustry, namely healthcare, performing arts, and automotive, where organizational scale, resource availability, and operational complexity differ substantially from those of SMEs. 

Meanwhile, ISM applications within agri-food and agroindustry systems have so far been directed at commodity-and sustainability-focused questions such as institutional actor mapping and supply chain sustainability, rather than at systematic, KPI-based performance measurement at the enterprise level. ISM applications at the SME level have been used to structure adoption barriers and operational challenges but have not been connected to a multi-perspective performance framework. 
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Table 1. Positioning of this study relative to related literature Small and

Multi-Perspective

Structural

Medium-Sized

Agroindustry

Study

Sector/Context

Performance

Interdependency

Enterprise (SME)

Context

Measurement

Modeling

Focus

Dahooie et al. [21]

Healthcare

✓

✓

–

–

Moores et al. [20]

Performing arts

✓

✓

–

–

Tudose et al. [19]

Automotive

–

✓

–

–

Rico et al. [22]

Coffee agribusiness

–

✓

–

✓

Agroindustry

Yani et al. [23]

–

✓

–

✓

supply chain

de Sena Silva et

Agribusiness

–

–

–

✓

al. [24]

(governance)

Food processing

Najib et al. [28]

–

–

✓

✓

SME

SME projects using

Axmann and

robotic process

✓

–

✓

–

Harmoko [27]

automation (RPA)

Fruit-processing

This study

✓

✓

✓

✓

agroindustry

Note: “–” indicates that the corresponding criterion was not considered or was not applicable in the reviewed study. ✓ indicates that the corresponding criterion was considered in the reviewed study. 

This three-way intersection combining a structured, multidimensional performance framework, a technique for mapping structural interdependencies among its indicators, and an SME-level agroindustry setting remains unaddressed in the reviewed literature. Closing this gap matters both theoretically and practically: theoretically, it extends the BSC beyond a static, perspective-isolated measurement tool toward a structurally informed framework capable of revealing which performance dimensions function as foundational drivers versus dependent outcomes; practically, it offers fruit-processing SMEs typically constrained in analytical resources and managerial capacity an interpretable basis for prioritizing improvement efforts rather than treating all KPIs as equally actionable. This study addresses this gap by integrating BSC-based performance measurement with ISM-based structural analysis for fruit-processing SMEs in Malang Raya, Indonesia. 

3 Methods

3.1 Research Design and Case Selection

This study employed a multi-case, sequential mixed-method design integrating the BSC and ISM as a structural performance-analysis framework for fruit-processing agroindustry SMEs in Malang Raya, Indonesia (Figure 1). 

The study was designed as an exploratory comparison between two case SMEs representing contrasting processing contexts: one dry-processing case producing fruit chips and one liquid-processing case producing fruit juice. 

The case selection was intended to capture differences in operational and processing conditions rather than to represent two populations of enterprises or to support statistical generalization across the fruit-processing SME

sector. Accordingly, the findings are interpreted as case-specific evidence within the investigated context. To provide contextual information for interpreting the exploratory comparison, the main characteristics of the two case SMEs are summarized in Table 2. 

The analytical procedure consisted of two complementary stages. First, BSC assessment was conducted separately for each case SME to obtain case-specific performance profiles. Second, ISM was conducted once using a combined expert panel drawn from both processing contexts to construct a common, expert-perceived reference structure describing the hierarchical relationships among the selected performance indicators. Because the ISM structure was not developed separately for each enterprise, it should not be interpreted as evidence that the same relationships operate identically or with equal strength in both processing settings. Instead, the structure was used exploratorily as a shared reference for interpreting the position of case-specific performance strengths and weaknesses within the broader performance system. 

The two case SMEs differ noticeably in business age, workforce size, processing equipment, and the period covered by their available records (Table 2). These differences reflect real variations in operating history and record-keeping practices across independently managed enterprises rather than a flaw in case selection, and they do not undermine the validity of the comparison for three reasons. First, the comparison is structural and pattern-based rather than point-estimate-based. The objective is to compare where each case is relatively strong or weak across BSC perspectives and not to rank the two enterprises against a common absolute benchmark. Second, as noted in Section 3.3, each SME’s performance score is normalized against its own operationally defined target and threshold 464
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rather than against the other enterprise’s figures, so differences in scale, equipment, or business age do not distort the normalized comparison. Third, using each enterprise’s most recent complete two-year records, rather than forcing both cases onto an artificially identical calendar window, preserves the integrity of each case’s data rather than introducing gaps or estimated values solely to achieve calendar alignment. Accordingly, the two-year period differs between cases (2024–2025 for the dry-processing case and 2023–2024 for the liquid-processing case) because each reflects the most complete records available for that enterprise at the time of data collection. 

Figure 1. Research framework integrating BSC-based performance assessment with ISM–MICMAC analysis for fruit-processing SMEs

Note: BSC = balanced scorecard; ISM = interpretive structural modeling; SMEs = small and medium-sized enterprises; KPI = key performance indicator; MICMAC = cross-impact matrix multiplication applied to classification, from the French “matrice d’impacts croisés multiplication appliquée à un classement”. 

Table 2. Profile of the two fruit-processing small and medium-sized enterprises (SMEs) Characteristic

Dry-Processing SME

Liquid-Processing SME

Main product

Fruit chips

Fruit juice

Business age

31 years

22 years

Number of employees

11

17

Main processing equipment

Vacuum fryer; drying system

Cup filling and sealing equipment

≈1,133 cartons/day (353,600

Production output

7,250 kg/year

cartons/year)

Principal market(s)

Domestic market

Domestic market

Period represented by the records

2024–2025

2023–2024

3.2 Data Collection

Qualitative KPIs for BSC measurement were assessed by four respondents per case: the SME owner, the manager, a government extension officer, and a senior employee, each selected for having more than ten years of relevant experience with the enterprise or its industry, yielding a total of eight respondents across the two cases. 

The ISM expert panel comprised five informants: the owner of the dry-processing case (a business successor with experience spanning the enterprise’s operating history), the manager and a senior employee of the liquid-processing case (both engaged with the enterprise since its founding), an academic professor specializing in agroindustry management, and a government extension officer familiar with the regional fruit-processing agroindustry. Each expert completed the SSIM covering 171 unique KPI pairs individually, supported by the research team, to clarify item wording where needed, rather than through group discussion. When the experts’ individual judgments for a given pair diverged, the majority judgment was adopted as the final SSIM entry. 

Data were collected through semi-structured interviews and questionnaires with SME owners, supplemented by secondary financial and production records covering a two-year period for each firm in the sample. When complete primary records were unavailable, proxy or estimated values were used. In particular, for the liquid-processing case, customer base records were only available as a count at the time of founding (2004) and a current count (2025), rather than as annual snapshots; the long-term change over this cumulative period was therefore used as a customer base growth proxy, expressed as a compound annual growth rate (CAGR), when longitudinal records of repeat purchasing by individual customers were unavailable. This limitation is discussed in Section 5.5. This proxy reflects 465

customer base expansion and should not be interpreted as a measure of customer retention, loyalty, or repeat-purchase behavior. Where direct waste generation records were unavailable, literature-derived waste generation ratios were used to estimate waste volume. These estimated values were explicitly distinguished from the measurements derived directly from the enterprise records. 

3.3 Balanced Scorecard Development and Key Performance Indicator Measurement The 19 KPIs were initially identified through a review of the BSC literature relevant to agroindustry and SME performance measurement and were subsequently validated with both case SME owners to confirm their relevance and applicability to each enterprise’s operations. Both SMEs reported broadly similar strategic objectives centered on profitability, customer satisfaction, production efficiency, and workforce development which supported the application of a common set of KPIs across both cases for comparative purposes. 

The strategic objectives for each case were translated into measurable KPIs across the four BSC perspectives (financial, customer, internal process, and learning and growth), resulting in a set of KPIs incorporating both quantitative and qualitative measures. Quantitative KPIs were derived from two years of financial and operational records for each case SME, while qualitative KPIs were assessed through structured Likert-scale interviews with the four respondents described in Section 3.2, each independently rating the indicator on a 1–5 scale, yielding a composite score with a possible range of 4–20: IKmax = P P ×R×Emax = 4×1×5 = 20; IKmin = P P ×R×Emin = 4×1×1

= 4. Where P P denotes the number of respondents, R denotes the number of ratings provided by each respondent, and E denotes the maximum and minimum values on the 1–5 Likert scale. 

All KPIs were normalized onto a common 0–100% performance scale using one of three formulas, depending on the measurement type and optimization direction of each indicator. For quantitative KPIs, where a higher value indicates better performance (benefit-type, e.g., sales growth, production volume), performance was calculated using Eq. (1). The target values used in the normalization process were established separately for each case SME. 

These targets were determined based on each enterprise’s operational objectives, historical performance records, and internally defined performance expectations. Therefore, the normalized scores represent the level of achievement relative to each case SME’s own operational target rather than an absolute benchmark for comparing different processing industries. 

Actual

Performance =

× 100%

(1)

Target

where, Actual denotes the observed value of the KPI, and Target denotes the desired performance value established for the indicator. For quantitative KPIs where a lower value indicates better performance (cost-type, e.g., defective products, production waste), an upper threshold (Max) representing the worst acceptable condition was established for each indicator, and performance was calculated using Eq. (2). The maximum acceptable thresholds were determined separately for each case SME based on their operational conditions, historical performance records, and internally defined acceptable limits. Since the two case SMEs represent different processing systems with distinct production processes, product characteristics, and quality requirements, the threshold values were not assumed to be identical across cases. 

Max − Actual

Performance =

× 100%

(2)

Max − Target

where, Max denotes the worst acceptable value established for the KPI, Actual denotes the observed value, and Target denotes the desired performance value. Eq. (2) yields values below 0% when the actual performance exceeds the worst-case threshold and values above 100% when the actual performance surpasses the target, both mathematically valid outcomes that were retained and interpreted accordingly. The maximum acceptable thresholds were determined separately for each SME based on values reported directly by the SME owner during the interview, reflecting the owner’s own assessment of acceptable versus unacceptable performance levels rather than an external industry benchmark. For qualitative KPIs assessed through Likert-scale interviews, performance was normalized against the maximum attainable composite score using Eq. (3). 

Composite score

Performance =

× 100%

(3)

20

where, Composite score denotes the total score obtained from the four respondents on the 1–5 Likert scale, with a maximum attainable score of 20. For interpretive purposes, composite scores were additionally classified into five qualitative categories using equal-width intervals (Sturges’ approach), with class width calculated as IKmax−IKmin =

m

20−4 = 3.2, where m is the number of categories, yielding: very poor (4.0–7.2), poor (7.3–10.4), fair (10.5–13.6), 5

good (13.7–16.8), and very good (16.9–20.0). Perspective-level performance scores were obtained by averaging the normalized performance of all KPIs within each perspective, for each case separately, and visualized using a radar chart to compare performance balance across the two product typologies. 
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3.4 Interpretive Structural Modeling Procedure

Following BSC measurement, the identified KPIs were subjected to ISM to uncover their structural interdependencies. 

The combined expert panel described in Section 3.2 assessed the contextual relationship between each pair of KPIs (i, j) using an SSIM, employing the standard V-A-X-O notation: V (i influences j), A (j influences i), X (mutual influence), and O (no relationship). The SSIM was converted into a binary initial reachability matrix as follows. 

(1, if SSIM entry is V or X

aij =

0, 

if SSIM entry is A or O

(1, if SSIM entry is A or X

aji =

0, 

if SSIM entry is V or O

The initial reachability matrix was then tested for transitivity. If element i reaches element j, and element j reaches element k, then i must also reach k. Entries were added to satisfy transitive relationships and were marked separately from the direct relationships originally derived from expert judgment, yielding the final reachability matrix. 

Level partitioning was then performed iteratively on the final reachability matrix using Eq. (4). For each KPI i, the reachability set R(i) (elements influenced by i, including i itself) and the antecedent set A(i) (elements influencing i, including i itself) were derived, and their intersection computed. 

I(i) = R(i) ∩ A(i)

(4)

Elements for which R(i) = I(i) were assigned to the top hierarchical level and removed from the matrix. 

This procedure was repeated iteratively on the remaining elements until every KPI had been assigned a level. 

This produced a hierarchical structure, subsequently visualized as an ISM digraph, in which lower levels represent foundational driving indicators and higher levels represent dependent outcome indicators. 

3.5 Cross-Impact Matrix Multiplication Applied to Classification

The driving power (DP) and dependence power (D) of each KPI were calculated directly from the final reachability matrix using Eq. (5). For KPI i, DPi is the row sum, representing the number of elements it influences (including itself), while Di is the column sum, representing the number of elements that influence it. 

n

X

DPi =

aij

j=1

(5)

n

X

Di =

aji

j=1

where, n is the total number of KPIs. Each KPI was subsequently plotted on a DP–D diagram and classified into one of four categories following the MICMAC method, using the mean of all DPi and Di values as the threshold separating high and low power:

• Autonomous (low DP, low D); 

• Dependent (low DP, high D); 

• Linkage (high DP, high D); 

• Independent (high DP, low D). 

The ISM hierarchy and MICMAC classification were subsequently used as a common structural reference for interpreting the case-specific BSC results. Lower-performing indicators from each case were mapped separately onto the hierarchy to examine their structural positions and to develop an exploratory sequence of managerial attention. 

This procedure does not represent a causal intervention model; rather, it provides a diagnostic interpretation of where case-specific performance weaknesses are located within the expert-perceived structure. 

4 Results

4.1 Identification of Balanced Scorecard Performance Indicators

The development of performance indicators was initiated by translating the strategic objectives of fruit-processing SMEs into measurable performance indicators within the BSC framework. As illustrated in Figure 2, the strategic objectives were mapped across four BSC perspectives, namely financial, customer, internal process, and learning and growth perspectives. 

The strategic mapping demonstrates that performance improvement in fruit-processing SMEs requires an integrated perspective rather than isolated measurement of individual outcomes [11, 19, 20]. While the financial 467
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perspective reflects the final achievement of business sustainability, its realization depends on the development of customer capability, internal process effectiveness, and organizational learning. These interconnections indicate that performance indicators operate within a structured system, where foundational capabilities influence operational achievements and ultimately determine business outcomes [11]. Following the strategic alignment process, the identified performance indicators were subsequently established. A total of 19 KPIs were selected, incorporating both quantitative and qualitative indicators. The complete list of performance indicators and their classification based on the corresponding BSC perspectives is presented in Table 3. 

Figure 2. Strategic objectives and KPI mapping based on the BSC framework Note: BSC = balanced scorecard; KPI = key performance indicator; R&D = research and development; HSE = health, safety, and environment. 

Table 3. BSC performance indicators used in performance assessment KPI

Measurement

Type

BSC Perspective

Performance Indicator

Code

Type

(Benefit/Cost)

KPI1

Gross profit

Quantitative

Benefit

KPI2

Sales growth

Quantitative

Benefit

Financial

KPI3

Asset turnover

Quantitative

Benefit

KPI4

Financial risk index

Qualitative

–

KPI5

Customer satisfaction

Qualitative

–

Customer

KPI6

Customer-base growth proxy

Quantitative

Benefit

Product compliance with organic

KPI7

Qualitative

–

standards

KPI8

Innovation process (R&D)

Qualitative

–

KPI9

Production volume

Quantitative

Benefit

KPI10

Number of defective products

Quantitative

Cost

Internal Process

KPI11

Work accident rate

Quantitative

Cost

KPI12

Waste volume

Quantitative

Cost

KPI13

Number of machines

Quantitative

Benefit

KPI14

Circular economy implementation

Qualitative

–

KPI15

Employee satisfaction

Qualitative

–

KPI16

Employee turnover rate

Quantitative

Cost

Learning & 

KPI17

Employee competency

Quantitative

Benefit

Growth

KPI18

HSE implementation

Qualitative

–

KPI19

Digitalization

Qualitative

–

Note: BSC = balanced scorecard; KPI = key performance indicator; R&D = research and development; HSE = health, safety, and environment. 

Work accident rate (KPI11) and employee turnover rate (KPI16) are conceptually cost-type indicators; however, because their targets were set at zero, Eq. (2)—which requires a non-zero denominator (Max-Target)—is not applicable. Both indicators were therefore evaluated using Eq. (1), where achieving the zero-incident target corresponds to 100% performance; “–” indicates that the indicator does not have a direct benefit or cost orientation in the performance assessment framework. 
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Table 4. Operational definitions, formulas, and data sources of the balanced scorecard (BSC) performance indicators

Key Performance

Measurement

Operational Definition

Formula

Unit

Data Source

Indicator (KPI)

Period

Margin between revenue

Internal sales & cost of

2-year average (dry:

KPI1

and direct production

N R−COGS

%

goods sold (COGS)

2024–2025; liquid:

S−Ret

cost

records

2023–2024)

Rate of increase in sales

Internal annual sales

KPI2

(S −S

n

n−1 )

%

Same as KPI1

between periods

Sn−1

records

Sales records +

Efficiency of asset use in

KPI3

S

Ratio

owner-reported asset

Same as KPI1

generating revenue

T A

inventorya

Perceived financial

Owner

Snapshot (single

KPI4

Likert

Score

instability

interview/questionnaire

administration)

Satisfaction with

Owner/manager

KPI5

Likert

Score

Snapshot

product/service

interview

B − N

Dry:

; 

Dry: annual

S

Long-term expansion of

t

Owner-reported

(2024–2025); 

KPI6

Liquid: compound

%

the customer baseb

annual growth rate

customer counts

Liquid: cumulative

(CAGR)

2004–2025

Conformity to

KPI7

Likert

Score

Owner interview

Snapshot

organic/quality standards

Extent of new

KPI8

product/process

Likert

Score

Owner interview

Snapshot

development activity

kg (dry)/cartons

Dry: monthly log; 

KPI9

Total output generated

P P rod

(liquid)

Liquid: estimatedc

Annual

Absolute defective

kg (dry)/cups

Dry: per-batch record; 

KPI10

P Def

output per period

(liquid)

Liquid: estimatedc

Annual

Frequency of workplace

Owner-reported incident

KPI11

accidents relative to

Acc

%

Annual

T W H

count

hours worked

Quantity of process

L (dry)/kg

Estimated from

KPI12

P W aste

waste generated

(liquid)

raw-material ratiod

Annual

Number of machines

KPI13

owned relative to the

Mo

%

Owner interview

Current snapshot

Mt

enterprise-defined target

Extent of resource-reuse

KPI14

Likert

Score

Owner interview

Snapshot

practice

Workforce satisfaction

Owner/employee

KPI15

Likert

Score

Snapshot

level

interview

Dry: annual record; 

KPI16

Rate of staff replacement

(J −L)

%

(0.5×(So+S1))

Liquid: assumede

Annual

Proportion of workforce

Owner-reported training

KPI17

Etr

%

Annual

trained

Etot

participation

Extent of occupational

KPI18

Likert

Score

Owner interview

Snapshot

health & safety practice

Extent of digital

KPI19

Likert

Score

Owner interview

Snapshot

technology adoption

Note: Variable definitions: N R = net revenue; S = sales; Ret = returns; T A = total assets; E = end-of-period customers; N = new customers; St = start-of-period customers; Acc = number of accidents; T W H = total working hours; Mo = machines owned; Mt = target machines; J =

joining employees; L = leaving employees; So, S1 = starting/ending headcount; Etr = employees trained; Etot = total employees; Likert =

4-item Likert-scale survey, composite score range 4–20 (see Section 3.3, Eq. (3)). aAsset value is a limited proxy (main equipment plus estimated basic tools only; excludes buildings and current assets), which likely overstates KPI3. bMeasurement method differs between cases due to data availability; not directly comparable as an absolute rate. cEstimated from reported daily volume examples annualized over working days. dEstimated using literature-derived waste ratios rather than direct measurements. eLiquid-processing case turnover is assumed to be 0%

based on stable headcount since founding, not an official year-by-year record. 

To support reproducibility, Table 4 presents the operational definition, computational formula, measurement unit, data source, and measurement period for each KPI. Several indicators rely on proxy measures or estimation procedures owing to data limitations inherent to SME-level record-keeping; these are flagged directly against the corresponding entries and revisited as limitations in Section 5.5. 

To illustrate the normalization procedure, three worked examples are provided using the dry-processing case’s 2025 data:

• Benefit-type KPI
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Gross profit (KPI1): Actual = 34.2%, Target = 35.0%. 

Performance = 34.2% = 97.8%. 

35%

• Cost-type KPI

Number of defective products (KPI10): Actual = 140 kg, Target = 30 kg, Max = 100 kg. 

Performance = 100−140 × 100% = − 40 × 100% = −57.1%. The negative value indicates that actual defect 100−30

70

output exceeded even the pre-defined worst-case threshold. 

• Zero-target KPI

Work accident rate (KPI11): Actual = 0 accidents/total working hours = 0%, Target = 0%. Because both Actual and Target equal zero, direct division is undefined; by convention, achieving the zero-incident target is scored as 100% performance, consistent with the treatment described for KPI11 and KPI16 in the note beneath Table 3. 

The target and max values used in all three examples were reported directly by the SME owner rather than derived from external industry benchmarks, consistent with the exploratory, case-based nature of this study. 

4.2 Comparative Performance Analysis

A comprehensive performance comparison requires the integration of multiple indicators that capture both achieved outcomes and the organizational capabilities underlying those outcomes. Therefore, the identified BSC

indicators were quantitatively assessed after normalization to establish a comparable performance scale between two fruit-processing product typologies, namely dry-processed products represented by fruit chips and liquid-processed products represented by fruit juice. This comparative analysis reveals the extent to which each product typology demonstrates different performance characteristics across financial, customer, internal process, and learning and growth perspectives, while also identifying variations in achievement among individual indicators. The comparative performance scores of the identified KPIs are presented in Table 5. 

Table 5. Comparative performance scores of balanced scorecard (BSC) indicators Key Performance

Dry-Processed

Dry Range

Liquid-Processed

Liquid

Perspective

Indicator (KPI)

Performance

(SD)

Performance

Range (SD)

KPI1

97.8%

–

88.4%

–

KPI2

89.5%

–

53.9%

–

Financial

KPI3

21.0%

–

52.4%

–

KPI4

75.0%

1 (0.50)

75.0%

1 (0.50)

KPI5

65.0%

1 (0.50)

100.0%

0 (0.00)

Customer

KPI6

85.7%

–

5.9%

–

KPI7

65.0%

2 (0.96)

70.0%

1 (0.58)

KPI8

65.0%

3 (1.26)

50.0%

1 (0.58)

KPI9

90.6%

–

23.6%

–

KPI10

-57.1%

–

-100.0%

–

Internal Process

KPI11

100.0%

–

100.0%

–

KPI12

36.0%

–

100.0%

–

KPI13

86.7%

–

41.7%

–

KPI14

75.0%

1 (0.50)

60.0%

0 (0.00)

KPI15

75.0%

1 (0.50)

85.0%

1 (0.50)

KPI16

100.0%

–

100.0%

–

Learning & 

KPI17

45.5%

–

23.5%

–

Growth

KPI18

80.0%

3 (1.41)

70.0%

1 (0.58)

KPI19

70.0%

1 (0.58)

70.0%

1 (0.58)

Note: SD = standard deviation. Range and SD reflect dispersion across four independent raters (1–5 Likert scale) per qualitative KPI; not applicable to KPIs derived from single-source enterprise records. “–” indicates that the range and SD were not available due to insufficient observations. 

The comparative performance assessment reveals distinct performance profiles between dry-processed and liquid-processed product typologies, indicating that neither typology consistently achieves higher performance across all BSC dimensions. Dry-processed products demonstrate stronger achievement in financial and production-related indicators, whereas liquid-processed products show relatively higher performance in customer-oriented and resource utilization indicators. These differences reflect variations in performance characteristics across the two product typologies. 

In the financial perspective, dry-processed products achieved higher performance in gross profit margin (97.8%) and sales growth (89.5%) compared with liquid-processed products (88.4% and 53.9%, respectively). However, liquid-processed products showed higher asset turnover performance (52.4%), indicating stronger asset utilization. 
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Differences were also observed in customer performance, where liquid-processed products achieved higher customer satisfaction (100.0%), while dry-processed products demonstrated stronger customer-base growth proxy score (85.7%). The internal process perspective showed notable variations, with dry-processed products exhibiting higher production volume (90.6%), performance on the number of machines (86.7%), and innovation process activity (65.0% vs. 50.0%), whereas liquid-processed products achieved better waste volume (100.0%). Meanwhile, both typologies showed comparable performance in terms of the financial risk index, workplace safety, employee turnover, and digitalization. 

Following the comparative assessment at the KPI level, the performance scores of individual indicators were further consolidated into their respective BSC perspectives to develop an integrated performance profile of each product typology. The consolidation process was performed by calculating the average normalized performance score of KPIs within each perspective, allowing the overall achievement of financial, customer, internal process, and learning and growth dimensions to be evaluated. The resulting BSC perspective-level performance scores are presented in Figure 3. 

Figure 3. Balanced scorecard (BSC) performance profile of dry-processed and liquid-processed product typologies Because KPI10 produced performance scores below 0% for both cases (dry processed: -57.1%; liquid processed:

-100.0%), a sensitivity check was performed by re-computing the perspective-level and overall averages with negative scores capped at a floor of 0% (that is, Performance′ = max(0%, Performance)) rather than retained as computed. 

Under this alternative treatment, the dry-processing case’s Internal Process average rose from 56.6% to 64.8%, and the liquid-processing case’s rose from 39.3% to 53.6%; the overall unweighted average across all 19 KPIs rose from 66.6% to 69.6% (dry) and from 56.3% to 61.6% (liquid). In both the uncapped and capped scenarios, the dry-processing case outperformed the liquid-processing case at both the perspective and overall levels, indicating that the comparative conclusions of this study are not an artifact of retaining uncapped negative scores. Negative scores were retained as the primary reporting convention because capping would obscure the magnitude by which actual defect output exceeded the predefined worst-case threshold, which is considered diagnostically useful for the managerial implications discussed in Section 5.4.2. 

4.3 Interpretive Structural Modeling Analysis

4.3.1 Structural self-interaction matrix

The first step in the ISM procedure involved constructing the SSIM, in which the combined expert panel described in Section 3.2 assessed the contextual relationship between every pair of the 19 KPIs using the V-A-X-O notation defined in Section 3.4. Table 6 presents the resulting SSIM. As the notation is directional, only the upper triangle of the matrix is populated during elicitation. The corresponding relationship in the opposite direction is subsequently derived when the SSIM is converted into the initial reachability matrix. 

4.3.2 Development of initial reachability matrix

The initial reachability matrix was developed based on expert assessments to represent the direct influence relationships between indicators, where the existence of a relationship was denoted by a binary value. The resulting initial reachability matrix is presented in Table 7. 
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Table 6. Structural self-interaction matrix (SSIM) Key Performance

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

Indicator (KPI)

1

A

A

X

A

A

A

A

A

A

O

A

A

A

A

A

A

O

A

2

A

X

A

A

A

A

A

A

O

A

A

A

A

A

A

O

A

3

X

A

A

O

A

A

A

O

A

A

A

O

A

A

O

A

4

O

O

O

O

O

O

O

O

O

O

O

O

O

O

O

5

V

V

A

A

A

O

O

O

O

O

O

A

O

O

6

V

O

A

A

O

O

O

O

O

O

A

O

O

7

O

A

A

O

O

O

V

O

O

O

O

O

8

V

V

O

V

A

V

O

O

V

O

A

9

V

O

V

A

O

O

O

A

O

O

10

O

V

O

O

O

O

A

O

O

11

O

O

O

O

O

O

A

O

12

O

V

O

O

O

O

A

13

O

O

O

O

O

O

14

O

O

O

O

A

15

A

V

O

O

16

A

O

O

17

O

V

18

O

19

Note: V indicates that indicator i influences indicator j; A indicates that indicator j influences indicator i; X indicates mutual influence; O

indicates no relationship. Only the upper-triangular entries are shown; the lower-triangular entries are omitted. 

Table 7. Initial reachability matrix of balanced scorecard (BSC) indicators Key Performance

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

Indicator (KPI)

1

1

0

0

1

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

2

1

1

0

1

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

3

1

1

1

1

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

4

1

1

1

1

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

5

1

1

1

0

1

1

1

0

0

0

0

0

0

0

0

0

0

0

0

6

1

1

1

0

0

1

1

0

0

0

0

0

0

0

0

0

0

0

0

7

1

1

0

0

0

0

1

0

0

0

0

0

0

1

0

0

0

0

0

8

1

1

1

0

1

0

0

1

1

1

0

1

0

1

0

0

1

0

0

9

1

1

1

0

1

1

1

0

1

1

0

1

0

0

0

0

0

0

0

10

1

1

1

0

1

1

1

0

0

1

0

1

0

0

0

0

0

0

0

11

0

0

0

0

0

0

0

0

0

0

1

0

0

0

0

0

0

0

0

12

1

1

1

0

0

0

0

0

0

0

0

1

0

1

0

0

0

0

0

13

1

1

1

0

0

0

0

1

1

0

0

0

1

0

0

0

0

0

0

14

1

1

1

0

0

0

0

0

0

0

0

0

0

1

0

0

0

0

0

15

1

1

0

0

0

0

0

0

0

0

0

0

0

0

1

0

1

0

0

16

1

1

1

0

0

0

0

0

0

0

0

0

0

0

1

1

0

0

0

17

1

1

1

0

1

1

0

0

1

1

0

0

0

0

0

1

1

0

1

18

0

0

0

0

0

0

0

0

0

0

1

0

0

0

0

0

0

1

0

19

1

1

1

0

0

0

0

1

0

0

0

1

0

1

0

0

0

0

1

Note: 1 indicates a direct influence relationship from the row KPI to the column KPI; 0 indicates no direct influence. 

4.3.3 Final reachability matrix and level partitioning

The final reachability matrix represents both direct and transitive relationships, where a value of “1” indicates a direct relationship identified from expert judgment, while “1*” represents an indirect relationship derived through transitivity. This matrix provides the basis for subsequent level partitioning and hierarchical structure development in the ISM analysis. The final reachability matrix is presented in Table 8. 

The hierarchical arrangement shows that KPI13 is positioned at the lowest level (Level 9), indicating its foundational role within the system as an underlying driver influencing higher-level indicators. The upper levels consist of indicators that represent more dependent outcomes, with KPI1, KPI2, KPI3, KPI4, and KPI11 positioned at Level 1. Meanwhile, intermediate levels represent the sequential transmission of influence among indicators, where operational, organizational, and capability-related indicators gradually contribute to higher-level performance 472
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outcomes. The complete structural relationship among indicators is shown in the ISM digraph (Figure 4). 

Table 8. Final reachability matrix

Key Performance

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19 DP

Indicator (KPI)

i

1

1

1*

1*

1

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

4

2

1

1

1*

1

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

4

3

1

1

1

1

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

4

4

1

1

1

1

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

4

5

1

1

1

1*

1

1

1

0

0

0

0

0

0

1*

0

0

0

0

0

8

6

1

1

1

1*

0

1

1

0

0

0

0

0

0

1*

0

0

0

0

0

7

7

1

1

1*

1*

0

0

1

0

0

0

0

0

0

1

0

0

0

0

0

6

8

1

1

1

1*

1

1*

1*

1

1

1

0

1

0

1

1*

1*

1

0

1*

16

9

1

1

1

1*

1

1

1

0

1

1

0

1

0

1

0

0

0

0

0

11

10

1

1

1

1*

1

1

1

0

0

1

0

1

0

1*

0

0

0

0

0

10

11

0

0

0

0

0

0

0

0

0

0

1

0

0

0

0

0

0

0

0

1

12

1

1

1

1*

0

0

0

0

0

0

0

1

0

1

0

0

0

0

0

6

13

1

1

1

1*

1*

1*

1*

1

1

1*

0

1*

1

1*

1*

1*

1*

0

1*

17

14

1

1

1

1*

0

0

0

0

0

0

0

0

0

1

0

0

0

0

0

5

15

1

1

1*

1*

1*

1*

1*

1*

1*

1*

0

1*

0

1*

1

1*

1

0

1*

16

16

1

1

1

1*

1*

1*

1*

1*

1*

1*

0

1*

0

1*

1

1

1*

0

1*

16

17

1

1

1

1*

1

1

1

1*

1

1

0

1*

0

1*

1*

1

1

0

1

16

18

0

0

0

0

0

0

0

0

0

0

1

0

0

0

0

0

0

1

0

2

19

1

1

1

1*

1*

1*

1*

1

1*

1*

0

1

0

1

1*

1*

1*

0

1

16

Di

17

17

17

17

9

10

11

6

7

8

2

9

1

13

6

6

6

1

6

Note: DP = driving power; D = dependence power. 1 indicates a direct influence relationship; 1* indicates an indirect relationship derived through transitivity; 0 indicates no relationship. 

Figure 4. ISM digraph

Note: ISM = interpretive structural modeling; KPI = key performance indicator. 

Of the 150 non-diagonal relationships in the final reachability matrix, 82 (54.7%) were directly asserted by the expert panel, while 68 (45.3%) were derived through transitivity closure rather than direct judgment, indicating that just over half of the structural map reflects direct expert assessment. 
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4.3.4 Classification of performance indicators by driving and dependence power A total of eight indicators (KPI8, KPI9, KPI10, KPI13, KPI15, KPI16, KPI17, and KPI19) were classified as independent variables, demonstrating high DP and relatively low D. These indicators represent potential influencing factors within the system because changes in these variables may affect other performance indicators. Conversely, nine indicators (KPI1, KPI2, KPI3, KPI4, KPI5, KPI6, KPI7, KPI12, and KPI14) were identified as dependent variables, indicating that their performance is largely influenced by other factors within the structural system. 

Meanwhile, KPI11 and KPI18 were classified as autonomous variables due to their relatively low DP and D. These indicators exhibit limited connectivity with other indicators, suggesting that they have a relatively isolated position within the performance structure. For full reproducibility, Table 9 reports the DP and D values underlying this classification for all 19 KPIs. The spatial distribution of all indicators based on their DP and D is illustrated in the MICMAC matrix presented in Figure 5. 

Table 9. Driving power (DP) and dependence power (D) values

Key Performance

DP

D

Classification

Indicator (KPI)

KPI1

4

17

Dependent

KPI2

4

17

Dependent

KPI3

4

17

Dependent

KPI4

4

17

Dependent

KPI5

8

9

Dependent

KPI6

7

10

Dependent

KPI7

6

11

Dependent

KPI8

16

6

Independent

KPI9

11

7

Independent

KPI10

10

8

Independent

KPI11

1

2

Autonomous

KPI12

6

9

Dependent

KPI13

17

1

Independent

KPI14

5

13

Dependent

KPI15

16

6

Independent

KPI16

16

6

Independent

KPI17

16

6

Independent

KPI18

2

1

Autonomous

KPI19

16

6

Independent

Figure 5. Classification of performance indicators using cross-impact matrix multiplication applied to classification (MICMAC)
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The MICMAC matrix illustrates the distribution of performance indicators based on their DP and D characteristics. 

The results indicate that the system is predominantly composed of independent and dependent indicators, representing the main driving factors and performance outcomes, respectively. Independent indicators exhibit high DP and low D, indicating their potential role as influencing elements within the system, whereas dependent indicators reflect outcomes that are influenced by other indicators. Meanwhile, only a limited number of indicators are categorized as autonomous, showing relatively weak connections within the system. No linkage indicators were identified, suggesting that the performance structure is primarily characterized by a directional relationship between driving factors and dependent outcomes rather than highly interdependent relationships among indicators. 

5 Discussion

5.1 Performance Variations Across Product Typologies

5.1.1 Financial perspective

Both processing cases demonstrated relatively strong financial performance, with dry-processed products achieving higher gross profit margin (97.8% vs. 88.4%) and sales growth (89.5% vs. 53.9%), while liquid-processed products showed markedly higher asset turnover (52.4% vs. 21.0%). Asset turnover is widely recognized in agribusiness financial-performance literature as a key indicator of how efficiently a firm converts its asset base into revenue [29], 

suggesting that the liquid-processed case utilizes its (comparatively smaller) asset base more efficiently than the dry-processed case despite its weaker profitability and sales growth, a pattern consistent with capital-intensity differences between dry-processing equipment (e.g., vacuum fryers, drying systems) and the lighter fixed-asset requirements of juice extraction and bottling. Both cases reported financial risk at the “good” but not highest category (75.0%), consistent with agri-food literature on enterprises’ shared exposure to raw-material price fluctuations and input cost volatility [30]. Because this indicator did not differentiate the two cases, it likely reflects a sector-wide vulnerability, such as fruit price seasonality, rather than a typology-specific management weakness. 

5.1.2 Customer perspective

The customer perspective revealed a marked difference between the two cases. The liquid-processing case achieved higher customer satisfaction (100.0% vs. 65.0%), whereas the dry-processing case recorded a higher customer-base growth proxy score (85.7% vs. 5.9%). The latter indicator represents the change in the recorded customer base over the available observation period and should not be interpreted as actual customer retention, loyalty, or repeat-purchase behavior because longitudinal customer-level purchasing records were unavailable. 

Customer acquisition, retention, and expansion represent distinct components of customer lifecycle performance and therefore should not be treated interchangeably [31]. Similarly, customer satisfaction is conceptually distinct from loyalty-related behavioral outcomes, and the strength of their relationship varies across contexts [32]. Empirical evidence also shows that organizational conditions may affect customer acquisition and retention differently, including situations in which acquisition improves while retention deteriorates [33]. 

Accordingly, the higher customer-

base growth proxy observed in the dry-processing case cannot be interpreted as evidence of stronger customer retention or loyalty. Instead, customer-base development may reflect acquisition-oriented mechanisms in addition to existing customer relationships. New-customer acquisition can be influenced by prospecting effectiveness, conversion processes, and marketing support [34]. In SME contexts, market-sensing and customer-linking capabilities, including the strategic use of digital and social-media channels, can further support firms in identifying and engaging market opportunities [35]. Therefore, the contrasting results for customer satisfaction and customer-base growth in the two cases should be interpreted as differences between customer perception and customer-base development rather than as differences in loyalty or relationship maturity. 

5.1.3 Internal process perspective

The internal process perspective showed the clearest within-case imbalance across the two processing cases. The two cases differed substantially in production volume relative to capacity, with the dry-processing case achieving 90.6% and the liquid-processing case 23.6%. However, both recorded negative performance on the number of defective products (dry-processed: -57.1%; liquid-processed: -100.0%), indicating that recorded defective output exceeded the pre-defined worst-case threshold in both cases. This is consistent with evidence that increasing production volume without proportionally scaling quality control efforts elevates the number of defective products, as heightened throughput stresses inspection and quality assurance processes [36]. Digitalized quality control and lean principles have been shown to mitigate this effect in food manufacturing contexts, suggesting that the liquid-processed case’s more severe defective-product performance may reflect quality control investment not keeping pace with production growth [37]. 

Performance on the number of machines also differed substantially between the two cases (dry-processed: 86.7%; liquid-processed: 41.7%). Equipment-efficiency studies using the overall equipment effectiveness framework link inadequate machine capacity to increased downtime and quality losses through overburdened machines and disrupted process flows [38], suggesting that the lower performance on the number of machines in the liquid-processing case 475

may be associated with its defect and downtime challenges. Both cases, by contrast, achieved full performance on workplace accident rate (100.0%). Systematic-review evidence indicates that structured occupational health and safety management systems reduce industrial accidents by 10.3% to 90%, largely independent of production capacity or throughput pressures [39], consistent with safety being governed more by procedural investment than by the capacity constraints affecting production quality. Circular economy performance was comparable across the two cases (dry-processed: 75.0%; liquid-processed: 60.0%), aligning with evidence that waste management and resource efficiency remain achievable for agri-food SMEs despite limited capital or scale, particularly through upcycling and improved process design [36]. Notably, KPI8 (dry-processing case) showed the widest inter-rater dispersion observed in this study (range = 3, standard deviation (SD) = 1.26), suggesting that the four respondents held meaningfully different perceptions of the enterprise’s innovation activity, plausibly reflecting differing vantage points between ownership, operational management, and external extension roles. 

5.1.4 Learning and growth perspective

Both cases exhibited comparable strengths in workforce stability, with identical full performance on employee turnover rate (100.0%) and broadly comparable employee satisfaction (dry-processed: 75.0%; liquid-processed: 85.0%). Similarly, KPI18 (dry-processing case) exhibited high dispersion (range = 3, SD = 1.41), indicating disagreement among respondents on the adequacy of occupational safety practices despite the enterprise’s strong aggregate score. 

However, both cases recorded their weakest performance across all 19 KPIs on employee competency (dry-processed: 45.5%; liquid-processed: 23.5%). This shared weakness, despite otherwise stable and satisfied workforces, points to a structural skills gap rather than a retention problem. This is consistent with evidence that employee competencies mediate the relationship between human resource practices and organizational performance, meaning stability and satisfaction alone do not translate into performance gains without adequate underlying skill levels [40]. It also aligns with evidence showing that digital transformation benefits depend jointly on digital technology, employee digital skills, and transformation strategy, with skill levels functioning as a necessary complement rather than a byproduct of technology adoption [36]. The low competency scores have direct relevance for both cases’ internal process constraints (Section 5.1.3): machine and process investments alone are unlikely to resolve the observed defect and efficiency shortfalls without parallel investment in workforce skill development. The consistently strong turnover and satisfaction performance observed in both cases, by contrast, suggests that workforce retention in these SMEs is not currently a limiting factor, leaving competency development as the more actionable priority for the learning and growth perspective. 

5.2 Structural Drivers of Performance: Insights from Interpretive Structural Modeling The ISM analysis identified number of machines (KPI13) as the sole Level 9 driver, with the highest DP of 17 and minimal D of 1 among all indicators. This result is unusually pronounced: with 19 KPIs in the system, the maximum theoretically possible DP is 19, meaning KPI13 directly or indirectly influences nearly every other indicator while itself being shaped by essentially nothing else. This concentration is broadly consistent with prior ISM applications in manufacturing and technology-adoption contexts, where capital and equipment-related factors also occupy the foundational position in the hierarchy. This concentration is broadly consistent with prior ISM

applications in manufacturing and resource-constrained SME contexts, where capital and equipment-related factors also occupy the foundational position in the hierarchy. A study of sustainable procurement barriers in Indonesian food manufacturing SMEs similarly found financial constraints anchoring the entire structural system [41], and a bibliometric ISM analysis of technology implementation barriers in developing-country contexts identified cost as the single most fundamental factor among fourteen examined [42]. 

This concentration is explainable by the specific technological character of fruit-processing operations. Equipment such as vacuum fryers or drying units does not merely support production; it defines its physical ceiling. No improvement in employee competency, satisfaction, or digitalization can raise output beyond the ceiling set by the number of machines installed. This asymmetry is consistent with the resource-based view’s distinction between resources that are merely valuable and those that are additionally rare and difficult to substitute [43]: a highly skilled workforce operating undersized equipment cannot exceed that equipment’s throughput limit, whereas the reverse is not true, meaning number of machine functions as a necessary condition that the Level 8 capability indicators cannot substitute for. 

The absence of any linkage-quadrant indicators admits two distinct explanations, which this study cannot fully separate. The first is substantive: fruit-processing SMEs in this study operate a single primary production line built around one central technological bottleneck, which tends to produce a tree-like directional architecture where influence flows outward from a small number of root variables, differing from systems involving multiple independent stakeholders where mutual reinforcement more commonly generates linkage-type feedback. The second is methodological: judging a bidirectional relationship (X) in the SSIM requires the expert panel to recognize reciprocal influence explicitly, a more demanding judgment than assigning a single direction of influence, and this elicitation format may itself have discouraged the reporting of mutual influence independent of whether such 476

reciprocity exists in the underlying system. This is best read as a limitation of the elicitation procedure rather than a claim that fruit-processing SMEs are structurally incapable of feedback dynamics. 

The autonomous positioning of the two workplace safety indicators, KPI11 and KPI18, is consistent with the structural explanation above. Occupational health and safety compliance is typically driven by external regulatory requirements and fixed procedural investment rather than by the internal production logic linking equipment capacity to capability and operational outcomes, which explains their structural isolation from both the driving and dependent indicator clusters rather than merely weak connectivity to them. 

5.3 Interpreting Balanced Scorecard Performance Profiles Through the Interpretive Structural Modeling Structure

Integrating the BSC and ISM findings provides a structurally informed interpretation of the performance asymmetry described in Section 5.1. The methodological integration of these frameworks combines the multi-perspective assessment capability of the BSC with the structural influence mapping capability of ISM, enabling a more comprehensive interpretation of how performance indicators are positioned within a network of structural interdependencies [44, 45]. The ISM model in this study was used exploratorily as a shared structural reference for locating case-specific performance patterns within the broader performance system. 

From a resource-based perspective, differences in organizational performance may be associated with the configuration and deployment of firm-specific resources and capabilities [43]. In operations management contexts specifically, physical asset configurations and technological capacity function as foundational, lower-level resource drivers that shape the upper limits of operational and downstream financial performance [46]. The ISM hierarchy in this study operationalizes this logic empirically. It identifies the structural sequence linking foundational resource indicators with downstream financial indicators, rather than merely asserting that resources matter in the abstract. 

Liquid-processed products showed comparative strength in asset turnover and customer satisfaction, positioned at Level 1 and Level 5 respectively, despite their weaker driver base. This indicates that these outcomes are not solely governed by the KPI13-anchored structural pathway. This is consistent with customer satisfaction’s relatively modest DP of 8 and comparatively higher D of 9 within the MICMAC classification, meaning it is more susceptible to factors outside the core equipment-capability pathway. Customer-related outcomes provide a further example of this distinction. The liquid-processing case records higher customer satisfaction, whereas the dry-processing case shows a higher customer-base growth proxy. Previous studies indicate that customer satisfaction and loyalty-related outcomes are conceptually related but do not necessarily move in parallel, because their relationship can depend on additional relational and contextual factors [32, 47]. 

Overall, the integrated interpretation demonstrates the value of combining BSC and ISM without treating the ISM hierarchy as a case-specific causal model. The BSC identifies what performs relatively well or poorly in each enterprise, while the ISM provides a common expert-perceived structural reference indicating where those indicators are positioned within the hierarchy. When overlaid with the performance profile of each enterprise, this shared structure can yield different case-specific managerial implications. Thus, the contribution of the integrated framework lies not in validating or causally explaining the BSC results, but in locating performance weaknesses within the structural hierarchy and supporting a more systematic sequencing of managerial attention under resource constraints. 

5.4 Implications

5.4.1 Theoretical implications

This study extends the BSC beyond its conventional role as a static, perspective-isolated measurement tool toward a structurally informed performance framework. It addresses the limitation raised in Section 2.1, where the BSC treats KPIs as independent metrics. By integrating ISM, the study shows that performance indicators in fruit-processing SMEs form a coherent nine-level structural influence hierarchy rather than existing as parallel, unrelated measures. This closes the three-way gap identified in Section 2.3 between structural interdependency modeling, multi-perspective performance measurement, and SME-level agroindustry application, offering a replicable template for future studies in resource-constrained organizational settings. 

5.4.2 Managerial and practical implications

The clearest practical message for SME owners in Malang Raya is one of sequencing, not spending more money everywhere at once. The number of machines sits at the base of the hierarchy for a reason: no amount of investment in staff training, digitalization, or innovation can push output beyond what installed equipment physically allows. A manager with limited capital is better served asking “Is my machine count the bottleneck?” before asking “Should I train my staff?” or “Should I digitize my records?” This does not mean that capability-level investments are wasted. This means that their payoff is capped until the equipment constraint is addressed. For the liquid-processed case, whose number of machines (41.7% of target) trails the dry-processing case (86.7% of target), and whose defect performance is the weakest indicator observed in this study, this points to a concrete first step: conducting 477

a capacity and bottleneck assessment to identify the specific source of the constraint. Depending on the outcome, suitable responses may include maintenance of existing equipment, process rebalancing, equipment sharing or leasing arrangements with other producers, staff training, or, if the assessment confirms a genuine equipment shortfall, the acquisition of additional processing equipment. 

Employee competency is the second lever and arguably the most overlooked. It is the single weakest KPI in both cases, despite an otherwise stable and satisfied workforce. This is not a hiring or retention problem but a training gap. 

For managers, this suggests that partnering with local vocational institutions or Dinas Koperasi-run skills programs is likely to be more cost-effective than general employee welfare spending, since the workforce is already stable and willing but under-skilled for the technical demands of consistent quality production. 

For extension officers and cooperative institutions supporting fruit-processing SMEs across the region, the nine-level hierarchy offers something more concrete than general advice: a diagnostic sequence. Before designing a capacity-building program for a given SME, an advisor can use this hierarchy as a checklist, starting from the bottom. Is the equipment capacity adequate for the target volume? Is basic staff competency in place? Only once these foundational levels are addressed does it make sense to invest in operational-level interventions such as defect reduction training or customer relationship programs, since those indicators sit structurally downstream and are unlikely to improve in isolation. 

Beyond Malang Raya, the broader lesson for fruit-processing and equipment-dependent SMEs is that not all KPIs deserve equal attention, and intuition about which ones matter most can be wrong. Customer satisfaction and retention, for instance, showed a weak structural connection to the core equipment-capability pathway in this study, meaning that improving them likely requires relationship-focused and market-facing actions rather than production-side investment, even though they appear alongside operational KPIs in a standard scorecard. Finally, the assessment approach itself, a small four-respondent Likert panel producing a simple 0–100% composite score, is deliberately low-cost and does not require external consultants or specialized software, making it a realistic diagnostic tool that resource-constrained SMEs and their local extension services can apply on their own with only modest facilitation support. 

5.5 Limitations

Several limitations of this study should be considered when interpreting the findings. First, the purposive sampling of two SME cases designed to capture the region’s two dominant product typologies limits the statistical generalizability of the comparative BSC findings to the broader population of fruit-processing SMEs in Malang Raya. Relatedly, because each processing type is represented by only a single enterprise, any observed performance difference between the dry- and liquid-processing cases cannot be fully disentangled from firm-specific characteristics, such as management practices, ownership history, or resource endowment unique to that particular enterprise, rather than being attributable to the processing type. 

Second, several indicators relied on transparent proxy

estimates, including the long-term customer growth rate as a substitute for annual retention and literature-derived waste generation ratios due to incomplete longitudinal records at the enterprise level. 

Although documented

and methodologically justified, these proxies introduce estimation uncertainty. In particular, KPI6 for the liquid-processing case was derived from a 22-year cumulative window (2004–2025) rather than the two-year window used for most other indicators, limiting its direct comparability in magnitude to period-matched KPIs and the dry-processing case’s annual growth measure. Third, the ISM structural model was derived from a single combined expert panel of five experts. Although this panel was deliberately composed to reflect a consensus understanding across both cases, the resulting hierarchy remains subject to the subjectivity inherent in expert-elicited structural modeling techniques. Additionally, divergent pairwise judgments among the five ISM experts were resolved by majority rule rather than a formal reliability assessment (e.g., Kendall’s W), consistent with the exploratory, small-panel nature of this study. Finally, this study was conducted within a single region (Malang Raya), and the resulting structural hierarchy and performance drivers may not be directly generalizable to fruit-processing SMEs operating under different agroecological, market or institutional conditions. 

6 Conclusions

This study developed and applied an integrated BSC–ISM framework to evaluate and structurally analyze the performance of fruit-processing agroindustry SMEs in Malang Raya, Indonesia. The BSC assessment revealed that the dry-processing and liquid-processing case SMEs exhibit distinct, non-uniform performance profiles across financial, customer, internal process, and learning-and-growth perspectives. The ISM analysis further identified a nine-level structural hierarchy, in which the number of machines emerged as the most foundational structural indicator, with foundational capability indicators cascading upward through operational processes toward financial and customer outcomes, a pattern corroborated by the MICMAC classification, which identified eight independent (driving), nine dependent (outcome), and two autonomous indicators, with no linkage indicators present. By examining the BSC performance profiles in relation to this structural hierarchy, the study demonstrated that 478

performance differences between the two cases can be interpreted in relation to their differential strength on foundational structural indicators, offering an integrative explanation beyond what either method could provide independently. These findings extend the BSC literature and provide managers with an evidence-based basis for strengthening customer-related performance outcomes, including customer satisfaction and customer-base development indicators. Future research may extend this framework across a broader sample of fruit-processing SMEs and additional regions and may build upon these structural findings by incorporating strategy formulation using fuzzy strengths, weaknesses, opportunities, and threats analysis combined with the analytic hierarchy process, and risk analysis using failure mode and effects analysis combined with artificial neural networks to translate the identified performance drivers into actionable, risk-informed development strategies. 
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Abstract: The fruit-processing agroindustry plays a strategic role in reducing post-harvest losses and enhancing
agricultural value creation in developing countries. However, small and medium-sized enterprises (SMEs) in
this sector face multidimensional operational challenges, necessitating a holistic and structural evaluation of their
performance system rather than fragmented, financially oriented assessments. This study aimed to analyze the
multidimensional performance and uncover the hierarchical interdependencies of performance indicators within
fruit-processing agroindustry SMEs. The methodology employed a sequential mixed-method design integrating
the balanced scorecard (BSC) and interpretive structural modeling (ISM) combined with cross-impact matrix
multiplication applied to classification (MICMAC, from the French “matrice d’impacts croisés multiplication
appliquée a un classement”) analysis. The framework evaluated two representative product typologies in Malang
Raya, Indonesia: a dry-processing case (fruit chips) and a liquid-processing case (fruit juice). The comparative BSC
results revealed distinct performance profiles; the dry-processing case demonstrated stronger financial performance,
whereas the liquid-processing case excelled in customer satisfaction and asset turnover. Concurrently, both typologies
exhibited a significant drop in quality control, characterized by negative scores on the number of defective products,
driven by scaling production volume over capacity boundaries. The ISM analysis structured these cross-perspective
metrics into a robust nine-level hierarchy, identifying the number of machines as the ultimate foundational driver
possessing the highest driving power (DP) of 17 and minimal dependence power (D). The MICMAC matrix further
isolated eight independent driving variables, nine dependent outcome variables, and two autonomous variables,
with no linkage variables present. These findings indicate that long-term enterprise competitiveness is structurally
anchored to basic machinery availability and workforce competency development rather than downstream marketing
actions. Theoretically, this study extends the BSC into a structurally informed paradigm by mapping structural
influence pathways under resource constraints. Practically, it provides managers and extension institutions with
a systematic diagnostic sequence to prioritize infrastructure investments over uniformly distributed improvement
efforts.

Keywords: Agroindustry small and medium-sized enterprises; Balanced scorecard; Fruit processing; Interpretive
structural modeling; MICMAC analysis; Structural performance analysis

1 Introduction

Fruit-processing small and medium-sized enterprises (SMEs) operate under persistent managerial and operational
constraints that require careful prioritization of limited financial, technological, and human resources. Managers must
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